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Resumen

Deteccion de nubes de conveccion profunda en tiempo cuasi-real basado en
técnicas de Aprendizaje de Maquina y datos GOES-R.

La presencia de nubes de conveccion profunda esta directamente relacionada con
potenciales peligros convectivos como incidencia de rayos, caida de granizo,
tormentas severas, inundaciones repentinas, tornados, etc. Por otro lado, México
cuenta con una red limitada y heterogénea de instrumentos para el monitoreo y
prondstico eficiente y confiable de dichos eventos. En este estudio, se desarrollé un
sistema para la identificaciébn y modelaciéon de nubes de conveccién profunda en
tiempo cuasi-real utilizando modelos de Aprendizaje Automatico. Este sistema se
basa en tres principios clave: el uso de software de codigo abierto y productos
geoespaciales de libre acceso, la automatizacion y escalabilidad a todo el territorio
mexicano. En total, ocho diferentes modelos de Aprendizaje Automatico: Regresion
Logistica (LR), Bosque Aleatorio (RF), Perceptrén Multicapa (MLP), Apilamiento con
LR y RF, Embolsado, y Votacion Suave y Dura fueron entrenados utilizando
Campos de Interés derivados a partir de datos del sensor Advanced Baseline
Imager (ABI) a bordo del Satélite Ambiental Operativo Geoestacionario - Serie R
(GOES-R). Estos modelos fueron evaluados en dos sitios de estudio: Los Mochis,
Sinaloa y la Ciudad de México, seleccionados por su intensa actividad convectiva 'y
alta vulnerabilidad ante eventos climaticos extremos. Los hallazgos demuestran que
un enfoque simple como LR o RF puede identificar y simular eficazmente nubes de
conveccion profunda en ambas areas de estudio, logrando una Probabilidad de
Deteccion (POD) = 0.84 para Los Mochis y POD = 0.72 para la Ciudad de México.
Ademas, se obtuvieron valores del indice de Falsas alarmas (FAR) de
aproximadamente 0.2 para Los Mochis y 0.4 para la Ciudad de México.
Posteriormente, un filtro de post-procesamiento basado en la incidencia de rayos
(Lightning Filter) utilizando datos del Geostationary Lightning Mapper, carga util del
satélite GOES-16, mostré un potencial significativo para mejorar los valores de POD
registrados por los modelos de Aprendizaje Automatico. Finalmente, el sistema de
deteccion de nubes de conveccion profunda se integré con datos de precipitacion
multi-fuente para generar escenarios de precipitacion en tiempo cuasi-real y realizar
evaluaciones de riesgo ante tormentas severas y analisis de avenidas fluviales. Este
estudio es pionero en el desarrollo e implementacion de un Sistema de Alerta
Temprana para los peligros asociados con actividad convectiva en México.

PALABRAS CLAVE: Aprendizaje automatico; datos ABI-GOES; prevision de
peligros convectivos; nubes de conveccion profunda; sistemas de alerta temprana;
sistema en tiempo cuasi-real.
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Abstract

Detection of deep convection clouds in quasi-real time using Machine Learning
techniques and GOES-R data

The presence of deep convective clouds is directly related to potential convective
hazards such as lightning, hail, severe storms, flash floods, and tornadoes. On the
other hand, Mexico has a limited and heterogeneous network of instruments for
efficient and reliable monitoring and forecasting of such events. In this study, a quasi-
real-time framework to identify and model deep convective clouds using Machine
Learning (ML) models was developed. This framework was guided by three key
principles: the use of open-source software and open-access geospatial products,
automation, and scalability.

Eight different ML models and model ensemble approaches, including Logistic
Regression (LR), Random Forest (RF), Multi-Layer Perceptron, LRstacking,
RFstacking, Bagging, Hard-Voting, and Soft-Voting, were trained using Interest
Fields derived from Advanced Baseline Imager (ABI) sensor data aboard the
Geostationary Operational Environmental Satellite - R Series (GOES-R). These
models were evaluated at two study sites: Los Mochis and Mexico City, which were
selected for their intense convective activity and high vulnerability to extreme
weather events. The findings demonstrate that a simple approach such as LR or RF
can effectively identify and simulate deep convective clouds in both study areas,
achieving a probability of detection (POD) = 0.84 for Los Mochis and POD = 0.72 for
Mexico City. In addition, false alarm ratio (FAR) values of approximately 0.2 for Los
Mochis and 0.4 for Mexico City were obtained. Subsequently, a post-processing filter
based on lightning incidence (Lightning Filter) using data from the Geostationary
Lightning Mapper (GLM) onboard the GOES-16 satellite showed significant potential
to improve the POD of the ML models. Furthermore, the deep convective cloud
detection framework was integrated with multi-source precipitation data to generate
guasi-real-time precipitation scenarios and perform risk assessments for severe
storms and river flooding. This study sets a precedent towards the development and
implementation of an Early Warning System for hazards associated with intense
convective activity in Mexico.

KEY WORDS: Machine learning; ABI-GOES data; convective hazard forecasting;
deep convective clouds; early warning systems; quasi-real-time framework.
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Chapter 1. Introduction

1.1. Background

Convective hazards, which are characterized by dynamic atmospheric processes
involving the vertical movement of air masses, pose significant challenges to human
safety and infrastructure resilience. These hazards include a wide spectrum of high-
impact phenomena such as thunderstorms, wind, hail, tornadoes, lightning, and
flooding (Cancelada et al., 2020; H. Han et al., 2015; S. Lee et al., 2017; Liu et al.,
2019; Pereira-Nunes et al., 2024).

According to the WMO Atlas of Mortality and Economic Losses from Weather,
Climate, and Water Extremes (World Meteorological Organization, 2021), 11,072
disasters related to weather, climate, and water extremes were recorded globally
between 1970 and 2019. Of these, 44% were attributed to floods and 35% to severe
storm events. In addition, extreme storms accounted for 39% of reported deaths,
whereas floods contributed to 16% (2,064,929 total reported deaths), with both types
of disasters causing the most significant economic losses. Other types of convective
hazards, such as lightning, hail, or tornadoes, also contribute to disasters with
human and economic losses on a global scale (World Meteorological Organization,
2021).

Due to its physical and geographical characteristics, Mexico presents a high degree
of vulnerability to extreme hydrometeorological events (Conde et al., 2016).
Furthermore, various sectors of the population, influenced by socioeconomic
conditions, are particularly susceptible to the effects of extreme convective events.
The WMO Atlas of Mortality and Economic Losses reports 6,655 deaths from 202
weather-related disasters in Mexico, with storms and floods being the most frequent

(World Meteorological Organization, 2021).

Given the rapid evolution and microscale variability of deep convection events,
forecasting, and implementing early mitigation measures becomes inherently

complex. Moreover, many countries, including Mexico, lack reliable observation
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networks and short-range weather forecasting systems (Leon-Cruz et al., 2023). The
proposed framework in this study presents an alternative for implementing an Early
Warning System (EWS) in areas highly vulnerable to convective hazards and with

limited meteorological monitoring infrastructure.

This work will focus primarily on small convective cells rather than more significant
phenomena such as squall lines and mesoscale convective complexes. (i.e., larger
convective systems that can persist for several hours and cover a large region). This
is because small convective cells can form quickly and last only a short time;
however, they have the potential to produce localized thunderstorms and heavy rain
(Pereira-Nunes et al., 2024).

1.2. Problem Statement

Deep convective clouds are directly related to potential convective hazards such as
lightning strikes, hail, severe storms, flash floods, and tornadoes. On the other hand,
Mexico has a limited and heterogeneous network of instruments that allow efficient
and reliable monitoring and forecasting of such events. Leveraging Machine
Learning (ML) techniques and the high-resolution data provided by the GOES-R
series of satellites presents an opportunity to enhance the monitoring and
forecasting of deep convective clouds. Despite the potential benefits, there remains
a need for comprehensive research into the proposal and implementation of a deep
convective clouds monitoring system that effectively integrates ML algorithms with
multi-source information. This need is particularly pronounced in regions such as
Mexico, which are characterized by complex atmospheric dynamics, limited severe
weather monitoring infrastructure, and a highly variable distribution of ground-based

Sensors.
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1.3. Research Question

How can ML techniques and the integration of multi-source information be effectively
used to develop, implement, and scale a deep convective cloud monitoring system
for Mexico, and what are the critical considerations for its successful deployment to

improve severe weather forecasting and EWS?

1.4. Justification

The dissertation proposal addresses a critical gap in the Mexican territory's current
meteorological monitoring and forecasting capabilities by focusing on developing
and implementing an innovative deep convective cloud monitoring system. By using
ML algorithms and taking advantage of the high-resolution data provided by the
GOES-R satellite constellation, the proposed system can significantly improve the
detection, tracking, and forecasting of severe weather phenomena associated with
deep convective clouds and the estimation of precipitation scenarios in quasi-real-
time (every 5 min). Integrating ML techniques with multi-source information,
including GOES-R data, provides improved spatial and temporal resolution

opportunities, enabling more accurate and timely severe weather forecasts.

Furthermore, the research conducted in this study will contribute to the advancement
of both geospatial ML applications and the generation of tools for studying deep
convection events in Mexico. This will have broader implications for the prevention
and mitigation of risks associated with storm events and flood occurrence by
providing timely and accurate information to decision-makers and vulnerable

populations.

By addressing this research question, this dissertation aims to set a precedent for
implementing an EWS for hazards associated with intense convective activity in
Mexico. This region has complex atmospheric dynamics, limited severe weather
monitoring infrastructure, and a highly heterogeneous distribution of ground-based

SEensors.
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1.5. Objectives
1.5.1. General objective

Develop a new alternative, affordable, automated, and scalable storm cloud
monitoring, and EWS based on ML techniques, continuous processing of GOES-R
data, and feedback with multi-source climatological data.

1.5.2. Specific objectives

- To develop a deep convective cloud identification framework based on three
principles: open-source software and open-access products, automation, and

scalability.

- To compare different ML approaches to determine the optimal performance and
computational cost, using Los Mochis, Sinaloa, and Mexico City as case studies.

- To integrate the deep convective cloud detection framework with multi-source
precipitation data to generate quasi-real-time precipitation scenarios.

- To establish a methodological basis for monitoring and EWS of floods associated
with storm clouds by integrating precipitation scenarios with hydrological modeling
techniques.

- To apply the framework for detecting potential deep convection events to the
study and analysis of storm cloud formation processes and their physical properties
in different regions of Mexico.

1.6. Test Sites
1.6.1. Los Mochis, Sinaloa

Los Mochis, the main city of the Ahome municipality, is located in the northeastern
region of Sinaloa, Mexico. It falls within the North American monsoon (NAM) core
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domain, which is characterized by significant convective activity (Cavazos et al.,
2008; Mejia & Douglas, 2009; Ramos-Pérez et al., 2022) and a substantial increase
in summer rainfall (Forzieri et al., 2011). The distribution of precipitation in this area
is primarily influenced by the deep convective cloud pattern, as noted by Ramirez-
Lépez et al. (2023). Figure 1 depicts the location of Los Mochis, which is between
the Gulf of California to the west and the Sierra Madre Occidental (SMO) to the east.
The simulation area, comprising a grid of 50 x 50 ABI-GOES cells, lies within the
latitudinal range of 25.25° to 26.5° and the longitudinal range of -110° to -108. The
topographic configuration in this region is primarily flat, with mountainous systems
at the edge of the SMO. This region is classified as Hot Desert climate (BWh; INEGI,
2008), with a mean annual precipitation of 335 mm, primarily concentrated during a
pronounced wet season spanning from July to September. The contrast between the
Pacific Ocean and the Gulf of California waters and the complex topography of the
two mountain ranges suggests that they are agents of spatiotemporal variability of
humid atmospheric processes (Ramirez-Lopez et al., 2023).

-110 -109.75 -109.5 -109.25 -109 -108.75 -108.5 -108.25
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B o - 207
[ 207 - 404
[ 404 - 647
B 647 - 953

-110 -109.75 -109.5 -109.25 -109 -108.75 -108.5 -108.25

Figure 1. Land surface elevation over Los Mochis. The red border corresponds to the special
simulation domain, which has a size of 50 x 50 cells. Source: INEGI (2017).
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Precipitation patterns are significantly influenced by large-scale climatic phenomena
such as El Nifio—Southern Oscillation (ENSO) and hurricanes (D&vila Ortiz, 2019).
For example, in 1984, when EIl Nifio occurred, the accumulated annual precipitation
was 683.7 mm (Figure 2); in 1996, when Hurricane Faust occurred, the precipitation
was 599.3 mm (Figure 2); another particularly rainy year was 2008, when Hurricane
Olaf occurred, and the precipitation was 595.4 mm (584 mm according to IMPLAN,
2012).
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Figure 2. Cumulative annual precipitation during the period 1964-2012 estimated at the Mochis -
25116 climate station (CLICOM, 2016). Figure adapted from Davila Ortiz et al.( 2023b).

1.6.2. Mexico City

Mexico City, the capital and largest city of Mexico, is the major population center in
the country. Situated in central Mexico, it lies within the physiographic province
known as the Trans-Mexican Volcanic Belt, which crosses the country from the
Pacific Ocean to the Gulf of Mexico. This region presents a complex topography,
with elevations ranging from sea level to 5,000 meters above sea level (masl). The
combination of different factors, such as its latitudinal position, complex topography,
the influence of tropical cyclones, cold fronts, and easterly waves (Leo6n-Cruz et al.,
2021), and even the effect of urbanization (Vargas & Magafia, 2020), cause this area
to present intense convective activity. Consequently, these conditions are a source
of convective hazards associated with tornadoes (Carbajal et al., 2019; Le6n-Cruz

et al., 2021), floods (Romero Lankao, 2010), hail, and thunderstorms (Le6n-Cruz et
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al., 2023). In addition, socioeconomic factors in the area contribute to a high level of

social vulnerability (Eakin et al., 2016).

Figure 3 shows the geographic location of the Mexico City area (the spatial domain
of the simulation includes the states of México and Morelos), which comprises a grid
of 50 x 50 ABI-GOES cells and lies within the northern latitude range of 20° to 19°
and the longitude range of -99.75° to -98.5°. The mean annual precipitation in Mexico
City ranges from 621 to 1,200 mm (Le6n-Cruz et al., 2021), and this zone presents
a Subhumid Temperate climate type (Cw; INEGI, 2008)
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Figure 3. Land surface elevation over the study area called Mexico City. The red border corresponds
to the spatial simulation domain, which has a size of 50 x 50 cells. Source: INEGI (2017).
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Chapter 2. State of the art

2.1. Convective hazards assessment.

High-impact convective weather events, such as thunderstorms, tornadoes,
hailstorms, lightning, and downbursts (Figure 4), result in significant fatalities,
economic losses, and infrastructure damage (McGovern et al., 2023). Given the
profound societal impacts of these atmospheric phenomena, it is crucial to study

them.

Convective weather hazards

Non-electrical convective cell
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Figure 4. Example of a classification of different convective weather hazards and their relationships

to thunderstorms. Source: Hayward et al. (2020).

Despite the critical importance of studying convective hazards, several limitations
and challenges exist within this research field. One significant challenge arises from
the complex interactions between various atmospheric factors, including
temperature, humidity, wind patterns, air pressure, and their connections to large-
scale climate signals. For instance, Tippett et al. (2015) identified close relationships
between hazardous convective weather and climate signals such as the Madden—
Julian Oscillation (MJO), ENSO, and radiatively forced climate change, as evidenced
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by studies analyzing tornado probability (Barrett & Gensini, 2013), hail occurrence
(Barrett & Henley, 2015), and convective storms (Brooks, 2013). Understanding
these processes requires sophisticated mathematical models and observational

data, which may have inherent limitations and uncertainties.

Another major limitation in the study of this type of hazard is its spatial and temporal
variability and limited predictability. Convective hazards can exhibit significant spatial
and temporal variability, making it difficult to accurately predict their occurrence,
intensity, and precise location. This variability can result from local topography (e.g.,
Carbajal et al., 2019; Ledn-Cruz et al., 2021), land cover (e.g., Tracy & Mecikalski,
2023), and other factors that influence atmospheric dynamics (Tracy & Mecikalski,
2023). Similarly, despite advances in numerical weather prediction models, there are
inherent limits to the predictability of convective hazards, especially at longer lead
times. Factors such as chaotic behavior, small-scale variability, and uncertainties in

initial conditions can limit forecast accuracy (Prein et al., 2021).

Finally, high-quality observational data are essential for studying convective hazards
and developing accurate forecast models. However, there may be limitations in data
availability, especially in remote or sparsely monitored, and data quality issues such
as gaps, biases, and inaccuracies. Along these lines, Tippett et al. (2015) highlighted
the need for more high-quality observations of convective weather for hazards, with
no foreseeable solution to this problem. In addition, current observational collection
practices still need to be improved.

Convective hazard assessment is an emerging field of research, despite the inherent
challenges and limitations. Several studies have focused on developing algorithms
for Convective Initiation (Cl) nowcasts, i.e., these short-term weather forecasts
predict the initiation and development of deep moist convective activity (Weckwerth
& Parsons, 2006).

Cl nowcasts rely on various observational data sources and methods, for example,
radar imagery (e.g., the Thunderstorm Identification, Tracking, Analysis, and
Nowcasting; TITAN; Dixon & Wiener, 1993), atmospheric instability indices (e.g.,
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Mueller et al., 1993), satellite data (Cancelada et al., 2020; Cintineo et al., 2020;
Gravelle et al.,, 2016; Roberts & Rutledge, 2003), numerical weather prediction
(NWP, e.g., the Corridor Integrated Weather System; CIWS; Veillette, 2013),
Weather Research & Forecasting (WRF) Model outputs (e.g., Pereira-Nunes et al.,
2024) and other meteorological parameters to identify favorable conditions for

thunderstorm initiation.

For instance, the Satellite Convection Analysis and Tracking (SATCAST, Mecikalski
& Bedka, 2006) is a Cl nowcasting expert system that uses eight predictors called
"Interest Fields" based on infrared Geostationary Operational Environmental
Satellite (GOES) data to forecast Cl with 0-1 h lead times (McGovern et al., 2023).
In this work, CI is defined as the first detection of Weather Surveillance Radar-1988
Doppler (WSR-88D) reflectivities = 35 dBZ produced by convective clouds and
satellite-derived atmospheric motion vectors (AMVSs) for tracking individual cumulus
clouds. Subsequently, a second upgrade of this system, SATCAST version 2
(STACASTV2), was proposed by Walker et al. (2012) and includes object tracking
approaches to compute temporal changes in brightness temperature. Later additions
include the integration of NWP data (Veillette, 2013).

2.2. Theuse of Machine and Deep Learning

In recent years, integrating ML techniques into the geosciences, facilitated by
advances in satellite data quality (Reichstein et al., 2019), has spurred various
research efforts focused on CI identification. For example, Mecikalski et al. (2015)
proposed a CI algorithm that combines Interest Fields derived from GOES-R and
NWP model data, using Logistic Regression (LR) and Random Forest (RF) models
to achieve better probabilistic predictions compared with binary approaches.
Through experiments, they validated the performance of these CI algorithms in the
United States, with a FAR of 0. 1-0.18 lower than existing deterministic Cl detection
algorithms for GOES (FAR = 0.48 - 0.6; Walker et al., 2012).
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In the related literature, numerous studies have reported the development and
implementation of Cl nowcast algorithms based on ML approaches for various
geostationary satellites, such as Himawari-8 (D. Han et al., 2019; S. Lee et al., 2017),
the Communication, Ocean, Meteorological Satellite (COMS; H. Han et al., 2015),
and Meteosat (Krinitskiy et al., 2023), and GOES (Mecikalski & Bedka, 2006).

Other satellite data-based approaches developed to aid in the diagnosis of
preconvective environmental characteristics and deep moist convection are the
Convective Occurrence (CO) algorithms, which include approaches such as
modeling convective initiation/decay and storm advection (McGovern et al., 2023),
the 0-9 h NearCast model (Gravelle et al., 2016; Petersen et al., 2010), and object
tracking techniques such as optical flow (Lenk et al., 2018) and thunderstorm
occurrence (TO; La Fata et al., 2021; Ukkonen & Mékela, 2019; Zhou et al., 2020).

Overshooting cloud Top (OT) detection algorithms are another common type of deep
convective detection approach used to identify and analyze cloud formations,
focusing on overshooting cloud tops. These formations (also called anvil domes) are
defined as dome-like clouds that form over a cumulonimbus cloud top or penetrate
the tropopause (American Meteorological Society, 2023). The OT clouds form when
strong updrafts in thunderstorms push cloud tops above their equilibrium height
(level of neutral buoyancy). These OT cloud tops are often associated with severe
weather events. Detection methods for OT clouds are typically based on cloud top
temperature thresholds (e.g., K. M. Bedka et al., 2018; Khlopenkov et al., 2021), as
well as ML and Deep Learning (DL) approaches (e.g., Kim et al., 2017, 2018).

Regarding DL applications, this field has recently gained traction in studying
convective weather. For example, a pioneering study by Y. Lee, Kummerow, &
Ebert-Uphoff (2021) implemented a convolutional neural network (CNN; LeCun et
al., 1998) to detect ongoing convection, with the advantage that they used a
sophisticated echo-classification algorithm to generate their labels, which uses richer
radar information than a simple reflectivity threshold, the labeling method used in
most studies (McGovern et al., 2023).
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Similarly, Lagerquist et al. (2021) used DL techniques, specifically U-nets, to forecast
CO at 0-2 h lead times. U-nets, a convolutional neural network architecture
commonly used for semantic segmentation tasks, feature a U-shaped structure with
contracting and expanding pathways to capture local features and global context in
image data (Ronneberger et al., 2015). Like S. Lee et al. (2017) and D. Han et al.
(2019) they used infrared Interest Fields from the Himawari-8 satellite. Other
examples of this type of U-net architecture being addressed for high-impact weather
hazard issues are Hilburn et al. (2020) and Samsi et al. (2019).

The integration of DL models significantly improves convective weather forecasting
by capturing intricate spatial and temporal dynamics. This advancement enhances
our ability to predict the formation, evolution, and intensity of convective storms with

increased accuracy.

2.3. Convective hazards monitoring and Early Warning Systems

“An Early Warning System (EWS) is an integrated system that facilitates
preparedness and response mechanisms through the dissemination of early warning
to reduce the impact of a natural disaster” (Agbehad;ji et al., 2023).

The EWS are indispensable tools that can help save lives and reduce the impact of
disasters on infrastructure, making it particularly important in areas of high
vulnerability. For instance, it is estimated that USD 800 million is spent annually on
developing and operating EWS in developing countries that lack the resources to
mitigate the effects of natural disasters (WMO, 2022). However, in a global context,
it is estimated that only one in three people can access early warning services
(Agbehadiji et al., 2023).

There is a wide variety of EWS to address various types of disasters, both natural
and anthropogenic, such as earthquakes (Zheng et al., 2022), flash droughts (X.
Yuan et al., 2019), air pollution (Jiang et al., 2019), debris flows, and tsunamis (Galaz

et al., 2022). Technological advances have substantially enriched these systems in
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the context of convective hazards. Contemporary methodologies incorporate cutting-
edge techniques such as artificial intelligence, fuzzy logic models, wavelet transform,
acoustic emission techniques, dynamic predictors, real-time satellite observations,
big data analytics, Internet of Things integration, and ML and DL algorithms
(Agbehadiji et al., 2023).

Examples of EWS for convective weather purposes include the study by Harjupa et
al. (2022) to detect and predict the occurrence of heavy rainfall in Indonesia, Yucel
& Onen (2014) a satellite-based algorithm to estimate extreme precipitation events
in northwestern Turkey, Qing et al. (2022) a tornado EWS based on radar data,
Mahomed et al. (2021) with their Ground-Based Lightning Detection and Near-Real-
Time Warning System, among others.

W. Yuan et al. (2021) present a notable example of EWS implementation.
Cumulative Distribution Functions (CDFs) were applied to fit the cumulative rainfall-
duration curves corresponding to typical rainfall patterns and the Probability Density
Functions (PDFs). Subsequently, the HEC-HMS hydrological model was applied to

simulate the rainfall-runoff process.

Floods are the most frequent type of natural disaster, presenting significant
challenges to flood EWS, particularly in the accurate detection of floods to prevent
damage to property and lives (Wannachai et al., 2022), the determination of the
warning module threshold, and the development and calibration of hydraulic models
(Cools et al., 2012). Some illustrative frameworks for EWS include those proposed
by Bartos et al. (2018); Cools et al. (2012); Ritter et al. (2020); Wannachai et al.
(2022).

Globally, EWS is a critical element in achieving sustainable development and
increasing resilience, especially in areas with high levels of marginalization. In this
context, in November 2022, the United Nations (UN) Secretary-General presented
the Executive Action Plan for the “Early Warning for All” initiative (WMO, 2022), to
be implemented between 2023 and 2027, with an initial investment of approximately
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US$ 3.1 billion, a minimal amount compared to the benefits that will be derived from
the initiative, according to the WMO (United Nations, 2022).

The Early Warnings for All initiative is built on four pillars to deliver effective and
inclusive multi-hazard early warning systems, disaster risk information, hazard
monitoring and forecasting, warning dissemination and communication, and disaster

response capability (Figure 5).
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Figure 5. The “Early Warnings for All” initiative pillars. Source: https://wmo.int/news/media-

centre/early-warnings-all-initiative-scaled-action-ground.

In Mexico, according to the Secretaria de Medio Ambiente y Recursos Naturales
(SEMARNAT, 2017): Faced with this vulnerability, to save lives, Mexico has created
seven EWS with different coverage and warning times (Figure 6): Servicio
Meteorol6gico Nacional (National Meteorological Service) (1877), Servicio
Sismoldgico Nacional (National Seismological Service) (1910), Sistema de Alerta
Sismica Mexicano (Mexican Seismic Alert System) (1991), de Sistema de Monitoreo
del Popocatépetl (Popocatepetl Monitoring System) (1994), Sistema de Alerta
Temprana para Ciclones Tropicales (Early Warning System for Tropical Cyclones)
(2000) y Sistema Nacional de Alerta de Tsunamis (National Tsunami Warning
System) (2013).
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These EWS, managed by the Centro Nacional de Prevencion de Desastres
(National Disaster Prevention Center) (CENAPRED), are based on four main

components:

1. Prior knowledge and identification of risks associated with disruptive
phenomena.

2. A system for measuring and monitoring the disruptive phenomenon in order
to make forecasts or issue scientifically based warnings.

3. Dissemination of public alerts with clear and precise information that activates
the response of the population.

4. Response or contingency plans to know what to do when faced with the
impact of disruptive phenomena.

EARLY WARNING SYSTEM SEGURIDAD (pp CNPC
MEXICO SRR o

System Phenomenon Information Coverage Start date Moment of Notice
Servicio S!smologlco Seismic WWW.S5n.Unam.mx National 1910 Earthquake warning
Nacional
Mexico City, Seconds before the arrival of an
Sistema de Alerta Qaxaca, earthquake that has already occurred.
Sismica Mexicano Seismic WWW.Cires.org.mx Chilpancingo, 1991 It depends on the distance from the
(SASMEX) Acapulco and epicenter and the energy of the
Morelia earthquake.
Sistema de Monitoreo Volcanic www.Gob.mx/cenapred Areas surrounding 1994 If an event occurs
del Volcan Popocatépet! a volcano
Sisterna de Alerta
Temprana para Ciclones Tropical Cyclone www.preparados.gob.mx National 2000 Up to 72 hours in advance
Tropicales
. . } " For local t is, minutes in ad 2
Sistema Nacional de Teunami digachm.semar.Gob.mx/cat/  Pacific Coast and 3013 fgrrreociin:r2:;”;5':::1:”;:;20:22?&
Alerta de Tsunamis centroAlertasTsunamis.html Gulf of Mexico € .
tsunamis, hours.
Sistema de Alerta If an fire occurs
Temprana de Incendios Forest fires www.gob.mx/conabio National 1999
en México
Servicio Meteoroldgico Hydrometeorological smn.conagua.gob.mx National 1877 Notice if any event occurs and forecasts

Nacional

Source: CNPC - CENAPRED

Figure 6. Early Warning Systems implemented in Mexico. Source: Centro Nacional de Prevencién
de Desastres (2023).

Despite global and national efforts to implement EWS for various disruptive
phenomena, significant opportunities for research, innovation, and action remain.
Incorporating artificial intelligence, machine learning, and big data analytics can
substantially enhance the accuracy of risk prediction models and the speed of
response to potential threats.
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Chapter 3. Proposed comprehensive

framework

The methodological framework presented in Figure 7 consists of an alternative for
monitoring and EWS of floods associated with storm clouds by analyzing and
continuously processing data from the GOES-R platform and feedback with multi-
source climatological data. It is based on integrating three modules or phases with
two main characteristics: open-access products and open-source software and the
potential scalability to any area within the national territory.
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Figure 7. Proposed methodological framework.
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These modules are as follows: Phase 1: Characterization of storm clouds, Phase 2:
Fusion of multi-source information, and Phase 3: Hydrometeorological risk forecast.
A general description of each phase is provided below.

A necessary clarification is that a fundamental tenet of the EWS frameworks is that
the forecasting model includes a monitoring model, a communication strategy, and
an emergency plan to help in managing natural disasters (Agbehadji et al., 2023;
Calvello & Piciullo, 2016). This effort requires integrating interdisciplinary knowledge
between scientists, researchers, and stakeholders, which is beyond the scope of the
framework proposed here but is fertile ground for future research.

3.1. Phase 1: Characterization of storm clouds

It consists of an algorithm for identifying, monitoring, and tracking potential deep
convective events (storm clouds) based on Machine Learning (ML) techniques and
information obtained from the ABI sensor of the GOES-16 satellite, which is
continuously updated every 5 minutes. Its implementation requires an exhaustive
analysis of the performance of each ML method included in an ensemble of different
models, which must be previously trained with a dataset of reference deep
convection events. It is necessary to delimit one or more areas of interest. A detailed
description of the methods, data, and steps proposed for implementing this system
will be provided in later sections. Furthermore, the results of this phase have been
reported by Davila Ortiz et al. (2023) and Davila-Ortiz et al. (2024).

From the ML models, a binary classification is made between a class called
Convective Cells (CC), which corresponds to the presence of a deep convective
cloud, and a second class called Non-Convective Cells (noCC), which corresponds
to clear skies or any cloud cover that is not a vertically developing cloud. The result
of this classification, generated every 5 min, allows tracking and monitoring of the
evolution and displacement of this type of formation. The event's zoning is performed

based on the spatial distribution of the detected CC pixels.
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Finally, the pixels classified as CC serve as a mask for the extraction of various
optical and physical properties of the storm clouds, including the height, pressure,
and temperature at the top of the cloud, the optical depth of the cloud (i.e., a measure
of the transparency or thickness of clouds, indicating how much they attenuate or
scatter incoming sunlight), and the Total Precipitable Water (TPW) content, which
are derived from the different GOES-R products. In this sense, the information
obtained from the ABI-GOES sensor can be divided into two groups. Spectral
information was extracted from the 16 bands of the ABI-GOES sensor and the cloud
products derived from them. In Chapter 4, these two types of products are described

in detalil.

The amount of TPW provides an estimate of precipitation for each of the pixels
classified as CC. However, for simplicity, these values are averaged to provide a
mean precipitation value for the simulated convective event at a given time. In the
second phase of this framework, once a storm cloud is identified and the average
amount of TPW is estimated, this value is fitted to a precipitation distribution
constructed from an analysis of historical precipitation data for the simulation

domain.

3.2. Phase 2: Fusion of multi-source information

This phase has two main objectives. The first step is to typify all the terrain
characteristics related to the simulation area's hydrological and hydraulic behavior,
such as land use and type of vegetation cover or soil classification. The second
objective is to analyze the distribution of the precipitation regime of the area based
on the climatic records collected by the meteorological station networks and the use
of gridded precipitation datasets. From the precipitation data, rainfall distributions will
be estimated to adjust the mean TPW values once a potential deep convection event
is detected, thus generating precipitation scenarios. The primary sources of
information considered for this phase are listed below.
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- Multispectral Satellite Products: Landsat 7 Enhanced Thematic Mapper (ETM),
Landsat 8 Operational Land Imager (OLI), and Sentinel 2 MultiSpectral Instrument
(MSI) are used for land cover mapping using supervised classification techniques.
Maps of land use and vegetation cover are used to estimate infiltration potential
using the Horton (1933) or Green & Ampt (1911) methods, in addition to mapping
the Manning roughness coefficient (N) by cover type (Chow, 1959). Information
about the identification of the soil type can be extracted from the edaphological
layers produced by the Instituto Nacional de Investigaciones Forestales y
Agropecuarias (INIFAP & CONABIO, 2001). For more information on generating

thematic layers from satellite imagery, see Davila Ortiz (2019).

- Digital Elevation Data: The proposed source of information for the digital elevation
models (DEMSs) is the Mexican Elevation Continuum in its version 3.0 (CEM 3.0;
INEGI, 2013) for a spatial resolution of 15 x 15 m and the set of high-resolution
surface digital elevation models (5 x 5 m; INEGI, 2017).

- Climate time series: Information from the Climatic Database for Mexico CLICOM
(2016) of the Servicio Meteoroldgico Nacional (SMN) was used to identify days with
storms based on an analysis of their historical rainfall records. On the other hand,
using information from the National Network of Automated Agrometeorological
Stations of the INIFAP (2018) and the Network of Automated Meteorological Stations
of the Comision Nacional del Agua (CONAGUA) through the SMN (SMN &
CONAGUA, 2023) rainfall intensity data were extracted for each storm and recorded

daily.

- Gridded Precipitation Datasets: Gridded precipitation datasets address the spatio-
temporal limitations of data availability in station networks within the simulation
domain. Two spatially distributed gridded precipitation products are proposed, one
with daily and one with hourly temporal resolution. The CHIRPS (Climate Hazards
Group InfraRed Precipitation with Station; Funk et al., 2015) is a high-resolution
global precipitation dataset combining satellite-derived infrared measurements with
meteorological station data for accurate and timely precipitation information. The
PERSIANN (Precipitation Estimation from Remotely Sensed Information using
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Artificial Neural Networks; Nguyen et al., 2019) dataset is a global precipitation
dataset derived from satellite observations and artificial neural network algorithms
for improved precipitation monitoring. As an alternative to automated weather
stations, PERSIANN can extract rainfall intensity information for each storm event
recorded by CLICOM stations.

The main characteristic of these data sources is that they are free to use and
available for the entire Mexican territory.

3.3. Phase 3: Hydrometeorological risk forecast

In this phase, implementing a Rainfall-Runoff Model (RR-Model) is contemplated. In
phases 1 and 2, rainfall records were integrated with the TPW estimated on a
potential deep convective event, resulting in a precipitation scenario. In this aspect,
phase 3 is sequential to the other two phases.

Various hydrological and flood models can be used to estimate the risk of river or
land flooding (Teng et al., 2017). However, in both cases, two main components are
required: information on the attributes of the simulation area, such as basin
parameters, topographic configuration, type of cover, and soil texture, and the water
input, either the hydrograph of a streamflow or hydraulic infrastructure or a
precipitation scenario.

In this context, the third phase of this framework has the flexibility to be implemented
according to the needs of the forecaster since, in this phase, the terrain
characterization focused on a hydraulic flood model is provided by phase 2.
Likewise, these models are fed in real-time under different precipitation scenarios
estimated from the precipitable water content in the deep convective clouds detected
by the ML models and the lightning post-processing filter.

This study presents an example of applying this framework at the Los Mochis,

Sinaloa test site (Figure 1). In this case, the peak rate of discharge was estimated
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under a precipitation scenario generated from the simulation of the Tropical
Depression 19-E event, which had significant impacts in the study area in September
2018, and using the parameters of the basin where the urban center of Los Mochis
is located (Davila Ortiz, 2019). For the estimation of the input hydrograph, the
methodology of the Soil Conservation Service (SCS), Dimensionless Unit
Hydrograph (DUH), was followed (Wanielista & Yousef, 1992). In Chapter 5, this
case study is discussed in detail.

Although the framework has been tested in a specific study site, a detailed validation
procedure of this methodology based on historical reference events is necessary.
Nevertheless, as happens with meteorological sensors, Mexico lacks a network of
hydrometric stations for continuous and reliable flow recording.

In order to preserve the main feature of the use of open-access products and open-
source software in this framework, future work should couple this framework with an
open-source numerical model for the simulation of hydrological events. The
numerical model proposed is based on the two-dimensional Saint-Venant equations
derived from the Navier-Stokes equations (Negrete Correa, 2016). This model is
written in Fortran code and considers turbulence with the Eddy coefficient and friction
based on Manning’s formula. The method used to discretize the simulation domain
is the finite difference method.
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Chapter 4. Methods

4.1Data
4.1.1. ABI-GOES Data

The Advanced Baseline Imager (ABI) is the primary instrument in the Geostationary
Operational Environmental Satellite-R Series, providing high-resolution and real-
time information about the Earth’s atmosphere and weather conditions. This passive
imaging radiometer has 16 spectral bands (Table 1), including two visible channels,
four near-infrared channels, and ten infrared channels (Schmit et al., 2017). Models
and tools use these different channels (wavelengths) to indicate various elements
on the Earth’s surface or in the atmosphere, such as trees, water, clouds, moisture,
and smoke. In this study, 8 of the 16 GOES East (GOES 16) bands for the
Continental US (CONUS; Figure 8) domain were used to generate 12 predictors
based on the spectral properties of deep convective clouds. The temporal resolution
of the ABI sensor is 5 minutes.

Table 1. Specifications of ABI-GOES Bands

ABI Bands Name Center wavelength Best Spatial
Bands (um) Resolution (km)
1 Blue 0.47 1
2 Red 0.64 0.5
3 Veggie 0.86 1
4 Cirrus 1.37 2
5 Snow/Ice 1.61 1
6 Cloud Particle Size 2.24 2
7 Shortwave Window 3.9 2
8 Upper-Level Tropospheric Water Vapor 6.19 2
9 Mid-Level Tropospheric Water Vapor 6.93 2
10 Lower-level Water Vapor 7.37 2
11 Cloud-Top Phase 8.44 2
12 Ozone 9.61 2
13 Clean IR Longwave Window 10.33 2
14 IR Longwave Window 11.21 2
15 Dirty Longwave Window 12.29 2
16 CO2 longwave infrared 13.28 2
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Figure 8. GOES-R CONUS domains for Operational GOES-West Location (Green), Check-out
Location (Red) and Operational GOES-East Location (Blue). Source: Lindstrom (2017).

4.1.2. GLM-GOES Data

The Geostationary Lightning Mapper (GLM) and the ABI sensor form the Earth-
facing or nadir-pointing payload of the GOES-R series of satellite instruments (Figure
9).

GOES-R Series Spacecraft
4 satellites: R,S,T & U

Extreme Ultraviolet
and X-Ray Irradiance
Sensor (EXIS)

Space Environment In

Solar Ultraviolet Situ Suite (SEISS)

Imager (SUVI)

Magnetometer

£ ] Geostationary
Lightning
4+ Mapper (GLM)

A

Advanced
Baseline
Imager (ABI)

Figure 9. GOES R series instruments.
Source: https://cimss.ssec.wisc.edu/education/goesr/goesrl.html?version=mobile.
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This sensor is a single-channel, near-infrared optical transient detector capable of
detecting transient changes in an optical scene that indicate the presence of
lightning. The GLM sensor continuously captures high-resolution images of lightning,
including cloud-to-ground, intra-cloud, and cloud-to-cloud lightning, day and night,
with a near-uniform spatial resolution of 8 km at a product refresh rate of less than
20 seconds over the continental United States and adjacent oceanic regions
(Goodman et al., 2013).

Intense convective activity is closely associated with the incidence of lightning
strikes. Hence, a post-processing filter was generated using the presence of
lightning activity as an indicator of CC class. A detailed description of this post-
processing filter will be provided in Section 4.2.7.

4.1.3. ABI-GOES derived products

The ABI sensor collects data across different scales, ranging from CONUS to Full
Disk (providing a comprehensive view of Earth's disk from the satellite's perspective)
and two mesoscale domains. This information is utilized to generate various
products with a wide range of applications, including forest fire detection and
analysis, volcanic and hurricane monitoring, the study of atmospheric aerosols, and
detection, development, characterization, and evolution of clouds, precipitation, and
lightning activity (Table 2).

Table 2. Specifications of ABI-GOES derived products.

ABl derived Best Spatial Temporal

D Data Product ABI Bands (CMIP) used products used Resolution resolution
CMIP Cloud and Moisture Imagery 1-16 - See Tablel 5 min
CSM Clear Sky Mask 2,4,5,10, 11, 14, 15 - 2km 15 min
CPSD Cloud Particle Size Distribution 2,6 CSM, CP 2 km 5 min
COD Cloud Optical Depth 2,6 CSM, CP, CPSD 2 km 5 min

CP Cloud Phase 10, 11, 14, 15 Cloud Type 2 km 5 min

CtH Cloud-top Height 14, 15, 16 CSM 10 km 5 min
CtP Cloud-top Pressure 14, 15, 16 CSM 10 km 5 min
CtT Cloud-top Temperature 14, 15, 16 CSM 2 km 15 min
DSI Derived Stability Indices 8, 9, 10, 11, 12,13, 14,15, 16 -- 10 km 5 min
DMW Derived Motion Winds 2,7,8,9, 10, 14 -- 10 km 15 min
TPW Total Precipitable Water 8, 9, 10, 11, 12,13, 14,15, 16CSM, CPSD, COD 10 km 5 min
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The GOES-derived products used in this research to characterize the identified
vertically developing clouds and generate precipitation scenarios are Cloud and
Moisture Imagery (CMIP), Cloud-top Height (CtH), Cloud-top Temperature (CtT),
and Cloud-top Pressure (CtP), Cloud Optical Depth (COD), and Total Precipitable
Water (TPW).

The CMIP consists of the 16 ABI bands radiometrically calibrated and converted to
brightness values (BVs) and brightness temperatures (BTs; see Table 2) in three
coverage areas: Full Disk, CONUS, and two mesoscale domains in a NetCDF file
(Figure 10; NOAA & NASA program, 2019).

Figure 10. GOES-16 ABI imagery for each of the instrument’s 16 bands (CONUS) on December 18,

2017. Source: https://www.goes-r.gov/products/baseline-cloud-moisture-imagery.html.

The Cloud Top Height algorithm uses the ABI infrared bands to retrieve the cloud-
top properties simultaneously: CtH, CtT, and CtP for each cloudy pixel. This
algorithm extracts the desired cloud top information from the ABI's infrared
observations. Infrared observations are influenced not only by the height of the cloud
but also by its emissivity and how it varies with wavelength (a behavior related to
cloud microphysics). In addition, emissions from the surface and atmosphere can
significantly contribute to the observed signal (NOAA & NASA program, 2019).

These cloud products are a prerequisite for generating other downstream products,
including the Cloud Layer, Cloud Optical/Microphysical, and Derived Motion Wind
(DMW) products. This information can be used to determine areas of cloud growth

and the likelihood of precipitation.
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The Cloud Type product includes six cloud classifications, whereas the Cloud Phase
includes four. Cloud Type categories include warm (> 0° C) liquid water clouds,
supercooled liquid water (< 0° C), mixed phase, opaque ice, cirrus (semi-transparent
ice clouds), and multi-layer clouds (with a semi-transparent top layer). Cloud Phase
categories include the warm liquid water phase, supercooled liquid water phase,
mixed phase, and ice phase. The Cloud Phase is derived directly from the Cloud
Type categories. The Cloud Type product provides valuable information on multi-
layer clouds and cirrus, which benefits higher-level algorithms such as cloud top
height retrieval. The Cloud Type algorithm use four ABI infrared spectral bands
(NOAA & NASA program, 2019).

The COD is a dimensionless quantity that expresses the ratio of the amount of light
absorbed or scattered by a cloud to the amount of incident light. The COD product
uses visible and near-infrared ABI bands during the daytime and a combination of
infrared bands for nighttime detection. This product, along with the Cloud Particle
Size Distribution (CPSD) product, provides valuable information about the radiative
properties of clouds (NOAA & NASA program, 2019).

The DMW product is derived using a sequence of visible or infrared spectral bands
to track the motion of cloud features and water vapor gradients. The resulting
estimates of atmospheric motion are assigned heights using the cloud height product
(NOAA & NASA program, 2019).

The Derived Stability Indices (DSI) product, including the Convective Available
Potential Energy, Lift Index, Total Totals, Showalter Index, and K Index, are
calculated based on retrieved atmospheric moisture and temperature data. These
indices help forecasters predict severe weather events by visually representing
atmospheric stability parameters. Forecasters use this data to track dynamic shifts
in stability at different locations, increasing their awareness of pre-convective
conditions and aiding in identifying potential watch/warning scenarios (NOAA &
NASA program, 2019).
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The TPW contains an image with pixel values that indicate the amount of integrated
column water vapor from the surface to a height corresponding to an atmospheric
pressure of 300 hPa (approximately the height at the top of the atmosphere). The
units of measurement for the TPW value are millimeters (mm; NOAA & NASA
program, 2019).

4.1.4. MODIS Data

The Moderate-Resolution Imaging Spectroradiometer MODIS is a passive imager
mounted on both the Terra (launched by NASA in 1999) and Aqua (launched in
2002) sun-synchronous polar-orbiting satellites. This sensor collects data in 36
spectral bands ranging in wavelength from 0.4 um to 14.4 ym and at varying spatial
resolutions (2 bands at 250 m, 5 bands at 500 m, and 29 bands at 1 km). Together,
the instruments image the entire Earth every 1 to 2 days.

MODIS provides pixel-level retrievals of cloud top and optical properties (Platnick et
al., 2017). In this research work, the variables "Cloud Top_Preassure" and
"Cloud_Optical_Thickness" (related to the ABI-GOES derived product COD) from
Collection 6 (C6) of MODIS products were collected for target label generation.
MODIS C6 introduces several improvements and refinements over previous
versions of the MODIS data products (Davila Ortiz et al., 2023a; Davila-Ortiz et al.,
2024).

4.1.5. PERSIANN Data

The operational PERSIANN system developed by the Center for Hydrometeorology
and Remote Sensing (CHRS; Nguyen et al., 2019) uses neural network-based
classification/approximation procedures. These techniqgues estimate the
precipitation rate for each 0.25° x 0.25° pixel at an hourly temporal resolution within
the infrared brightness temperature image received from geostationary satellites.
The PERSIANN algorithm in this context relies on geostationary long-wave infrared
imagery to generate a global rainfall dataset. The resulting precipitation product
covers a global range from 60°S to 60°N (CHRS, 2023).
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4.2. Methodology: Deep convective events identification system

4.2.1. Preparation of Training Dataset

Combinations of 8 ABI GOES bands were computed to create "Interest Fields"
predictor variables. Deep convective cloud detection algorithms use a variety of
Interest Fields tailored for different sensors such as ABlI GOES (Mecikalski et al.,
2015), Advanced Himawari Imager (AHI; Han et al., 2019; Lee et al., 2017), the
Meteorological Imager Onboard Communication, Ocean, and Meteorological
Satellite (COMS-MI; H. Han et al., 2015), and others. These predictor variables
capture a range of physical properties of clouds, including CtT, cloud-top cooling
rate, COD, and CtH. For this study, the Interest Fields are taken up in the works of
Lee et al. (2017) and D. Han et al. (2019), listed in Table 3.

Table 3. Overview of the input data for the implementation of ML workflow and subsequent post-
processing filter. The central wavelength is provided in parentheses. The initial choice of predictor
variables (Interest Fields) was adopted from the work by Lee et al. (2017).

ID Feature names Type Sensor
CtT Cloud-top temperature (11.2 um TB) Predictor ABI
CtHO1 Cloud-top height 01 (6.2 - 11.2 um) Predictor ABI
CtHO2 Cloud-top height 02 (6.2 - 7.3 um) Predictor ABI
CtHO3 Cloud-top height 03 (13.3 - 11.2 um) Predictor ABI
CtG01 Cloud-top glaciation 01 (12.3 - 11.2 pym) Predictor ABI
CtG02 Cloud-top glaciation 02 (8.6 - 11.2 um) Predictor ABI
CtG03 Cloud-top glaciation 03 (8.6 - 11.2 um) - (11.2 - 12.3 um) Predictor ABI
CtCrate Cloud-top cooling rate (11.2 pm time trend) Predictor ABI
TChCtHO1  Temporal changes in cloud-top height 01 (6.2 - 11.2 um Predictor ABI
time trend)
TChCtHO2 Temporal changes in cloud-top height 02 (6.2 - 7.3 um time Predictor ABI
trend)
TChCtHO3 Temporal changes in cloud-top height 03 (13.3 - 11.2 um Predictor ABI
time trend)
Temporal changes in cloud-top glaciation .
TChCtGo3 ((8.6 - 11.2 um) - (11.2 - 12.3 um) time trend) Predictor  ABI
LF Lightning filter Filter Array GLM
CC labels Deep convective cloud labels Target Variable MODIS

At the same time, Target Labels were created using the “Cloud_Optical_Thickness”
(COT) and cloud_top_pressure_1km (CtP) variables extracted from MODIS C6. The
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criteria for identifying CC within the MODIS survey were based on the widely
accepted classification of the International Satellite Cloud Climatology Project
(ISCCP; Rossow & Schiffer, 1991). In this classification, cells with COT values
greater than 23 and CtP values less than 440 mb are referred to as deep convective
clouds (Figure 11).
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Figure 11. ISCCP Cloud Classification in terms of Cloud Top Pressure and Cloud Optical Depth.
Source: Rossow & Schiffer (1991).

The principal aim of the methodology is the construction of a reference event dataset
for each test site. This dataset, compiled from all available MODIS images from 2018
to 2022 between the highest rainfall months from May to September, provides a
standardized and balanced data source for training and testing the different ML

approaches.

MODIS images were cropped according to the specific domain of the study areas,
and only those regions with a labeled convective cell (CC) percentage greater than
30% were selected. This selection of MODIS scenes was performed to create a
Target Label dataset, ensuring that ML models were not trained on unbalanced class
distribution data. All identified sections were then uniformly resampled using the
pyresample function, a Python package designed for resampling geospatial image
data. This process aimed to standardize the images with the spatial configuration of
the 12 Interest Fields arrays, each consisting of 50 x 50 cells in both domains
(Figures 1 and 3).
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The training dataset for Mexico City was generated with 24 reference events (60,000
examples), while the test dataset had 31 events (77,500 examples). For Los Mochis,
6 (15,000 examples) and eight events (20,000 examples) were used alternately for
the training and test datasets. Figure 12 shows the distribution of datasets for the

Mexico City and Los Mochis study sites.
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Figure 12. Distribution of Los Mochis, Sin and Mexico City datasets. For Los Mochis dataset, the
number of classes labeled as CC is 24,116 and noCC is 10,884, whereas for the Mexico City dataset,
the number of classes labeled as CC is 57,833 and noCC is 79,667.

4.2.2. Machine Learning Approaches

In this study, eight different ML approaches are compared (Table 4), such as LR,
RF, and MLP, which are widely used in convective hazard forecasting (e.g.,
Ahijevych et al., 2016; Burke et al., 2020; Jergensen et al., 2020; La Fata et al.,
2021, 2022; Lee et al.,, 2017; McGovern et al., 2023; Mecikalski et al., 2015;
Steinkruger et al., 2020; Yao et al., 2020) along with ML approaches based on
Ensemble Learning techniques (i.e., a group of predictors, called an ensemble, are
trained together to improve predictive ability; Figure 13). All ML models, assembly
strategies, metric estimation, and preprocessing methods were taken from scikit-
learn, a free software ML library for the Python programming language (https://scikit-

learn.org/stable/).
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Table 4. ML models and approaches compared in this study.

Models and Ensemble Methods

Abbreviation

=
—Lor |+

Training Dataset }

Logistic regression LR
Decision tree DT
Random forest RF
Support vector machine SVM
Multi-layer perceptron MLP
Bagging (Logistic regression) Bagging
Stacking (Logistic regression) LRstacking
Stacking (Random Forest) RFstacking
Hard Voting Hvoting
Soft Voting Svoting
Assembled ML Models
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Figure 13. Diagram of ensemble ML methods. a) Bagging, b) Voting, c) Stacking.

LR is a statistical method used to predict a binary variable (here, CC or noCC class)
from one or more independent variables or predictors (Hosmer et al.,, 2013). LR
works by fitting a logistic function to the input data, which maps the input features to
the output class probabilities (Figure 14). The output of the logistic regression model

- Logistic Regress

ion (LR)

o1




is a value between 0 and 1, representing the probability that the input belongs to the
positive class. This output is then the threshold for making the final binary

classification decision. The LR formula is given by Equation 1.

1
E(Y) = , (Eq.1)

1+ exp[—(B, + Z?:iﬁfxf)]

where, E is the expected value of the dependent variable Y, which has values of 0
and 1, equivalent to noCC and CC, respectively, k is the number of predictors, and
Xj is the value of the j th predictor. The parameters Bo,..., §j are linear coefficients

or weights for the predictor variables (Davila-Ortiz et al., 2024).
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Figure 14. Architecture of a Logistic Regression (left; Torres et al., 2019) and Random Forest (right;
Sahour et al., 2021).

The logistic regression model undergoes training by optimizing a cost function,
typically the Cross-Entropy Loss. This is achieved through techniques like Gradient
Descent, Stochastic Average Gradient, Newton method, etc. The model's
parameters are iteratively adjusted to minimize the disparity between the predicted

probabilities and the actual class labels in the training data (Hosmer et al., 2013).

A key advantage of logistic regression is its simplicity and interpretability. The model
provides insight into the contribution of each feature to the prediction, making it
easier to understand and communicate the classification results. Despite its
simplicity, LR performs well on several real-world problems, including non-linear
problems in atmospheric science such as convection (Ukkonen & Makela, 2019).
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- Decision Tree (DT)

DT is a nonparametric supervised learning method that recursively partitions the
dataset into subsets based on the values of the input features, ultimately assigning
a label to each observation (Breiman, 1984). DTs are constructed in a hierarchical
structure, where each node represents a decision based on a particular feature, and

each branch represents the possible outcome of that decision.

Decision trees, with their interpretability and visualizability, are instrumental in
understanding the decision-making process (Figure 15). However, they can be prone
to overfitting, particularly when the tree is deep. To mitigate this, ensemble methods
like RF are often employed, which amalgamate multiple decision trees to enhance
overall performance and generalization. Notable examples of convective hazard

forecasting using DT are the works of Gagne et al., (2009) and H. Han et al. (2015).

Major Axis
Length

Morphological ~— Reflectivity Wind Control
;‘23'13 - ]28{‘1 Eccentricity Max Max speed Mean stratiform
distance
@ Major axis length Min Min speed Storm direction
- Minor axis length ~ Mean Mean speed
<.83 >=.83 Orientation Std dev Max vertical
velocity
Equivalent Range Min vertical
Velocity diameter velocity
Area Mean vertical
<31.65 >=31.65 velocity

Figure 15. An example of the general-type decision tree used by Gagne et al. (2009) to classify

convective areas using DTs (left), and the attribute sets used (right).
- Support Vector Machine (SVM)

Developed by Vapnik (1963), SVM is a robust supervised machine learning
algorithm that can be used for both classification and regression tasks. SVM works
by finding the optimal hyperplane in a high-dimensional space to separate different
classes. The key objective is maximizing the margin, which is the distance between

the hyperplane and the nearest data points from each class, called support vectors

53



(Figure 16). The SVM aims to balance maximizing this margin and minimizing
misclassifications. The algorithm can handle non-linear decision boundaries using
kernel functions that transform the input features into a higher-dimensional space.
The SVM classifier is trained to find the hyperplane that best separates the data,
making it a robust and effective tool for binary and multi-class classification tasks.
SVM is particularly effective in classifying complex small- or medium-sized datasets

and high-dimensional spaces (Géron, 2019).
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Figure 16. Definition of the “margin” between classes: the criterion that SVMs try to optimize. Source:

https://la.mathworks.com/discovery/support-vector-machine.html.

SVM is widely used in various convective hazard forecasting applications, for
example, in tornado prediction (Adrianto et al., 2009; Trafalis et al., 2003) or
convective thunderstorm forecasting (L. Han et al., 2017; Jergensen et al., 2020;

Sangiorgio et al., 2020).
- Multi-layer Perceptron (MLP)

The MLP is a variant of an artificial feedforward neural network (ANN; the first
conceptual model of an artificial neural network was developed by McCulloch & Pitts
(1943). The MLP consists of three layers of interconnected nodes called neurons.
These layers have specific functions that allow the model to learn complex non-linear
relationships between input and output variables. The input layer receives raw input
data, with the number of neurons determined by the number of features or predictors.
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The hidden layer is responsible for extracting relevant features and learning complex
patterns. Finally, the output layer classifies observations based on their class
probability. In this case, the output layer consists of two neurons, reflecting a binary
classification task that distinguishes between CC and noCC classes (Figure 17).

Input
Layer

Output

Hidden Layer Layer

Input#1

Input # 2 — P(cC)
Input # 3 —  P(noCC)
Input# 4

Figure 17. Example of MLP Network adapted for the CC and noCC classification task.

MLPs have been widely used in numerous studies on convective hazard and
precipitation forecasting (e.g., Chen et al., 2020; Sobash et al., 2020). Nevertheless,
there has been a predominant shift toward the use of advanced deep neural network
architectures in this field, including Deep Neural Networks (DNN; e.g., Afzali Gorooh
et al., 2020; Y. Lee et al., 2019; Liu et al., 2019), Recurrent Neural Networks (RNN;
e.g., Akbari Asanjan et al., 2018; Leinonen et al., 2022), and CNN (e.g., Hilburn et
al., 2020; Kim et al., 2018; Y. Lee et al., 2021).

- Bagging and Random Forest (RF)

Bootstrap Aggregation, or Bagging, is a consensus-based ML technique used to
improve accuracy, reduce variance, and avoid overfitting, resulting in a more robust
and reliable predictive model. By combining multiple models trained on different
subsets of the training data derived by bootstrap sampling, where data points are
randomly selected with replacement (Figure 13a; Breiman, 1996). A variant of this
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method, in which sampling is performed without replacement, is called pasting
(Breiman, 1999; Géron, 2019).

Introduced by Breiman (2001), RF is a nonparametric ensemble model that takes
the Bagging approach by constructing many decision trees during the training phase
and combining their predictions during the testing phase (Figure 13a). The outputs
of the individual trees are then aggregated by majority voting to produce the final
prediction. The RF measures feature importance, indicating which features
contribute more significantly to the model’'s predictive performance. This information
is valuable for feature selection in data analysis. In addition, training individual trees
in an RF can be performed in parallel, making it computationally efficient and suitable
for large datasets.

The random forest (RF) model has found extensive practical applications in the field
of convective hazard forecasting, making it among the most widely used machine
learning models, along with LR. Their popularity stems from their ability to capture
complex non-linear relationships between predictors and predictands, such as
convective storm systems or precipitation (Ramirez & Lizarazo, 2017). Notable
examples of their applications in the literature include the works of Ahijevych et al.
(2016), Burke et al. (2020), H. Han et al. (2015), Jergensen et al. (2020), Kim et al.
(2017), La Fata et al. (2021), S. Lee et al. (2017), Liu et al. (2019), Mecikalski et al.,
(2015), Steinkruger et al. (2020) and Yao et al. (2020).

In this study, two Bagging approaches were implemented, RF and Bagging method
used LR as predictor in the bootstrapping samples instead of DTs (henceforth

referred to as Bagging; Table 4 and Figure 13a).
- Voting

Voting is an assembly strategy used to make predictions by combining the collective
outputs of multiple independently trained models or classifiers in parallel on the same
dataset. In this study, the ML approach involves aggregating the predictions of each
classifier (LR, DT, RF, SVM, and MLP; Figure 13b) and determining the class with
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the highest number of votes. If the class with the most votes is selected as the final
prediction, it is referred to as the hard voting classifier (Hvoting). Alternatively, when
the class with the highest average class probability is chosen, it is termed a soft
voting classifier (Svoting; Géron, 2019).

Voting mitigates the effects of individual model biases and errors, thereby improving
overall accuracy and robustness. For example, in S. Lee et al. (2017) work, majority
voting effectively removes salt-and-pepper noise in his results for convective

initiation objects predicted with DT and RF.

- Stacking

Stacking, also known as stacked generalization or stacked ensemble, is an
advanced ensemble learning technique that significantly improves predictive
performance by combining the strengths of multiple models (Wolpert, 1992). In this
assembly strategy, the aggregate models, each trained independently and called
base models (Table 4), are used according to their weights to produce an output that
a Meta-Classifier takes as input (Figure 13c). The essential advantage of this method
is that it allows the Meta-Classifier to learn to optimally combine the predictions of
the base models, thereby leveraging their individual strengths.

Each prediction from the base models becomes a new feature in the Meta-Classifier
Dataset. The primary purpose of the stacking method is that the Meta-Classifier
learns to optimally combine the predictions of the base models, taking advantage of
their strengths. This work used LR and RF as Meta-Classifiers because both models
reported the best performance metrics (LRstacking and RFstacking). Although not
considered in this study, proper tuning of hyperparameters for both base models and
the meta-model is essential to achieve optimal performance.

4.2.3. Hyperparameters Tuning

In ML, internal model parameters are learned directly from the data during training.
However, models also have various hyperparameters that control complexity and
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regularization. These parameters need to be specified in advance and can strongly

impact performance (Ukkonen & Makela, 2019).

There are various methods for hyperparameter tuning, including manual tuning, grid
search, random search, and more advanced techniques (Figure 18). Here,
hyperparameter tuning was performed using GridSearchCV, a function provided by
the scikit-learn library (i.e., a free software ML library for the Python programming
language https://scikit-learn.org/stable/) which performs an exhaustive search over

a specified parameter grid to find the optimal combination of hyperparameters for an
ML model (Table 5). In addition, a cross-validation strategy was used during the

hyperparameter search, which was selected 5 k-fold (Figure 19).
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Figure 18. Comparison between (a) grid search and (b) random search for hyperparameter tuning.
The nine dots represent candidates. The curves on the left and top denote the model accuracy (e.g.,
NMSE or overall accuracy) as a function of each search dimension. Source: Salgado Pilario et
al.(2021)

Table 5. Hyperparameters of the LR, RF, and MLP tuned using the cross-validation strategy.

Hyperparameter Explored space
Norm of the penalty (LR) L1, L2
The inverse of regularization strength (LR) 0.01, 0.1, 1, 10, 100
Solver (LR) liblinear, Ibfgs, newton-cg

Maximum depth of the tree (RF) None, 2, 5, 10, 20, 30

Number of trees in the forest (RF) 100, 500, 1000
Random split predictor variables (RF) 1,2,3,4,5
Number of neurons in the hidden layer (MLP) 10, 100, 1000

Solver (MLP) Ibfgs, Adam, sgd
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Figure 19. In cross-validation, the dataset is divided into k equally sized smaller subsets, called folds.
A model is trained using k-1 of the folds as training data, leaving one for testing in each iteration,
providing a robust evaluation of a machine learning model’'s performance. Source: https:/scikit-

learn.org/stable/modules/cross_validation.html.

4.2.4. Feature Scaling

Feature scaling, a method used to normalize the range of independent variables or
features of data (here, interest fields), is an important preprocessing step in machine
learning. The StandardScaler method in the scikit-learn library stands out for its
simplicity and effectiveness. It provides a straightforward way to standardize features
individually by transforming them to have y = 0 and o = 1. This ensures uniformity
and prevents any particular feature from dominating the learning process (Figure
20). This method's simplicity and effectiveness make it a popular choice for

normalization in many machine-learning algorithms.

Standardization is performed by calculating the z-score for each observation in a
column. Z-score, u, and o formulas are given by Equations 2, 3, and 4.
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Z = . (Eq.2)
1 N
p=g ) 00 (Eq-3)
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o= |5 O—w? (Eq.4)

0 H e

Figure 20. Schematization of the StandardScaler method. Standardize features by removing the

mean and scaling to unit variance. Source: https://app.dataquest.io/m/744/k-means-with-scikit-learn-

and-interpreting-results/3/scaling-the-data.

4.2.5. Machine Learning Process

To compare the performance of the eight ML approaches, uniform dataset
configurations were used for training and testing in each study area. Furthermore, a
feature or relative variable importance analysis was performed to estimate the

degree of contribution of each Interest Field in the prediction stage.

RF and LR provide the relative importance of input variables through measures such
as the Mean Decrease Impurity (MDI) and the absolute value of weighting
coefficients, respectively (S. Lee et al., 2017). In this case, the feature importance of
the RF is provided by the "feature_importances " function (a method of the scikit-
learn library). This approach evaluates the importance of each feature by measuring
how much it contributes to the reduction of impurities, in this case, the Gini impurity,

as part of the iterative process of feature-based splitting.
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In the context of ML, the Gini impurity is commonly used as a criterion for splitting
nodes when constructing a decision tree. The Gini impurity for each node in the
binary classification task was calculated using Equation 5.

Gini(D) = 1 — z p;? (Eq.5)
i=1

where D is the node, c is the number of classes, and Pi is the proportion of instances
of class i in the node. The Gini impurity is minimized when all instances in the node
belong to the same class (pure node) and maximized when the instances are evenly
distributed across all classes (impure node).

This relative feature importance analysis helps reduce dimensionality, improve
model efficiency, and mitigate the risk of overfitting by focusing on the predictor
variables with the highest contribution to CC class identification. A lower-
dimensionality dataset improves model performance by removing noise from lower-

weight features while significantly reducing computational cost.

Los Mochis and Mexico City datasets were reduced to six predictor variables that
were selected because of their significant relative importance in LR and RF. After
predictor selection and data scaling, hyperparameter tuning was performed using
GridSearchCV, culminating in evaluating model performance using various accuracy

metrics.

4.2.6. Workflow and implementation

A quasi-real-time system for identifying and monitoring potential convective events
was designed using open-source software and open-access products, automation,
and scalability principles (Figure 21). This system forms Phase 1. Characterization
of storm clouds of the framework for real-time flood risk assessment discussed in
the previous chapter.
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Figure 21. General scheme of the framework for the identification and monitoring of potential

convective events in quasi-real time (5 min). The ML approaches used in the ML process were
selected based on their performance parameters during the training and testing phases at each study

site.

In accordance with the principle of using only open-access products, all processes
and the workflow were implemented using Python 3 programming and designed with
ABI-GOES and GLM-GOES products as inputs.

The workflow is cyclical and automated, operating every five minutes to coincide with
the acquisition time of the ABI bands. It commences with the download of ABI and
GLM information from Amazon Web Service (AWS) S3 storage
(https://reqistry.opendata.aws/noaa-goes/) using Boto3, the AWS Software

Development Kit (SDK) for Python. This novel methodology is designed for
scalability, with the potential for spatial extrapolation to the entire Mexican country.
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It follows the principles of open-access and automation, leveraging the availability of
modeling inputs throughout the territory. For the training and testing phases of ML

models, it is crucial to delineate the zones of homogeneous convective behavior.

The Interest Fields are calculated from the information extracted from the CMIP
product, and the spatial extraction of the study areas is performed. In the second
step, the pipelines (i.e., a collection of sequential data manipulation operations; this
approach was taken from the scikit-learn Python library) of preprocessing and
modeling are fed with the Interest Fields. Previously, the models were trained and
tested at each site of interest based on the creation of a set of reference historical
events and a comprehensive analysis of the performance of each ML approach
performance (Table 4).

Once the optimal models and hyperparameters have been identified, as well as the
significant variables to be used as predictors, these configurations are stored in a
pipeline (dashed red outline in Figure 21). The processing pipeline considers the
scaling phase of the predictors from the StandardScaler method and the

dimensionality reduction with a Principal Component Analysis (PCA).

PCA is a mathematical procedure that transforms high-dimensional data into a
lower-dimensional representation while preserving its essential variance to improve
computational efficiency, reduce overfitting, and result in a simpler and more
interpretable model. Hasan & Abdulazeez (2021) provided a comprehensive review
of the use of PCA for dimensionality reduction in a ML context.

To visualize the results, the Python Matplotlib Basemap Toolkit library is used to map
the geospatial information. In addition, a post-processing filter based on lightning
incidence was integrated to identify potential deep convection zones not detected by

ML models. The process runs iteratively every 5 min.
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4.2.7. Post-processing Lighting Filter

To strengthen the performance of the models, a post-processing filter based on
lightning incidence was integrated into the CC identification and monitoring
framework. According to H. Han et al. (2015), lightning is a reliable indicator of
intense convective activity typical of storm cloud formation environments, making it
a key component for monitoring and predicting severe weather events. Several
studies related to deep convective cloud detection have included lightning data
(Hilburn et al., 2020; La Fata et al., 2021, 2022; S. Lee et al., 2017; Rutledge et al.,
2020; Ukkonen & Makela, 2019; Zhou et al., 2020).

a) b)
Lightning Event
Bc | BC | BC | cc | cc | cc
BC .,ec/ cc | cc | cc
>
BC | BC | BC CC | CC | CcC
BC | Buffer Cell . Lightning Cell CC | Convective Cell

Figure 22. Schematization of the Lightning Filter generation process. When the presence of a
Lightning Event is identified from the GOES GLM data accumulated in 5 min within the site of interest,
it is associated with a cell of the model spatial domain, using its distance from the nearest cell center
as the criterion for assignment. The Lightning Cells (LC), together with a buffer of one cell per edge

(BC), are called Convection Cells (CC) and are integrated into the output matrix of the ML models.

The GLM-GOES data are used to generate a lightning matrix that is additively
integrated into the ML models' output to increase the models' probability of detection
(POD). The GLM variable "Event" was chosen to represent the occurrence of a
single pixel exceeding the brightness detection threshold during a ~2 ms frame
(Rudlosky et al., 2019). These products contain geospatial information on the
occurrence of lightning with a temporal resolution of 20s. In this framework, the
density or number of lightning strikes is not considered, and only the presence or
absence of a meteor is used as an indicator of CC. From the spatial location where
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lightning is detected, an algorithm based on Euclidean distance (Equation 6) is

applied to associate it with the nearest Interest Field spatial domain cell center.

Distance(; cey = J (Longitude,, — Longitude,;)? + (Latitude., — Latitude;;)> (Eq.6)

where, Ce is the cell center of the Interest Field spatial domain and LI is the
coordinate where the lightning strike was registered. In addition, a 3x3 cell buffer
was designated around the CC cell identified from the lightning filter (Figure 22).

4.2.8. Accuracy metrics

To assess the performance of the different ML approaches, well-known classification
metrics were calculated from the confusion matrix, including Probability of Detection
(POD), False Alarm Ratio (FAR), Critical Success Index (CSlI), total classification
Accuracy (ACC), bias (BIAS), Precision, F1 Score (F1), and Intersection over Union
(loV):

pop =_1F Eq.7
“TP+FN (Eq.7)
FAR = —F Eq.8
~“FP+TP (£q.8)
CcSI = e Eq.9
~TP+FP+FN (£q.9)
ACC = TP+ TN Eq.10
“TP+TN +FP + FN (£q.10)
ping - TPHFP o1
‘ST TPYFN (Eq-11)
Precision = — Eq.12
reaswn—TP+FP (Eq.12)

Precision- POD

Fl1=2" —
Precision + POD

(Eq.13)
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TP
oV = FP+ PN (Eq.14)

where, TP is the number of CC pixels that were correctly classified as CC (i.e., true
positives), FP indicates the number of CC pixels that were incorrectly detected as
CC (i.e., false positives), FN is the number of CC pixels that were incorrectly marked
as noCC (i.e., false negatives). TN is all the remaining pixels that were correctly
classified as noCC. The values of TP, TN, FP, and FN were extracted from the
confusion_matrix scikit learn function to generate a confusion matrix for evaluating
the performance of the classification model (Figure 23). The confusion_matrix
function takes the actual and predicted labels as input and returns a 2D array

representing the confusion matrix.

Positive Negative
[}
= TP FP
S
(a
2
= FN TN
(48]
oo
)
Z

Figure 23. A confusion matrix is a table used in machine learning to evaluate the performance of a
classification algorithm. It provides a summary of the model’s predictions compared with the actual
results, grouping the results into four categories: true positive (TP), true negative (TN), false positive

(FP), and false negative (FN). Source: https://towardsdatascience.com/confusion-matrix-for-your-

multi-class-machine-learning-model-ff9aa3bf7826.

ACC ranges from 0 to 1, with 1 indicating perfect prediction and 0 indicating complete
incorrectness. POD and Precision share this range, with higher values indicating
better performance. FAR ranges from O to 1, where O represents no false positives
and 1 indicates all positives are false. CSI ranges from -1 to 1, where 1 represents
perfect prediction, O indicates no prediction skill, and -1 represents perfect inverse
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prediction. IoU ranges from 0 to 1, with higher values indicating better overlap
between predicted and true areas. F1 Score also ranges from 0 to 1, with 1
representing perfect precision and recall balance. In summary, higher values are
desirable for all metrics except for FAR, where lower values.

4.3. Methodology: Fusion of multi-source information

4.3.1. Dimensionless precipitation curves

Hyetographs (i.e., a graphical representation depicting the variation of rainfall
intensity over a specific period) and storm depth distributions are essential elements
in hydraulic design, water works projects, and flood risk forecasting. Design
hyetographs are used with unit hydrographs to obtain the peak discharge and
hydrograph (i.e., a graphical representation illustrating the variation in river discharge
or streamflow over time) shape for hydraulic design (Elfeki et al., 2014). Hyetograph
basics and the relationship between hyetographs and hydraulic design are
discussed in Haan (1994) and Chow et al. (1994).

When it comes to the time distribution of the design storm (Intensity-Duration-
Frequency), it is worth noting that the United States Soil Conservation Service (SCS)
has played a significant role. They have developed four types of cumulative curves:
Type |, Type I, Type Ill, and Type IA, which are valid for the US territory (El- Sayed,
2018). It's also common to describe these hydrographs in dimensionless forms with
units of time (storm duration) and cumulative rainfall depth (storm depth) expressed

as percentages of the respective totals (Elfeki et al., 2014).

This type of curves are commonly used in several studies that employ precipitation
scenarios; however, Huff (1967) proposed a different approach by constructing

dimensionless precipitation curves using information collected at a specific site.

'Huff curves' is a method for characterizing storm mass curves. They are a

probabilistic representation of the accumulated storm depths for the corresponding
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accumulated storm durations, expressed in dimensionless form (Bonta, 2004). From
the Huff curves, we can disaggregate precipitation amounts by fitting precipitation
values to precipitation distributions generated from rainfall intensity records. The
process of developing Huff curves from measured data is described in detail below.
A more detailed description of this methodology can be consulted in Bonta (2004).

- Storm Identification: In order to construct Huff curves, storms must be
identified and separated within a precipitation record. Although there are
several approaches to identifying storms, one that is commonly used is to
estimate a parameter called "Minimum Dry Period Duration" (MDPD) and then

identify storm events within precipitation records (Figure 24a).
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Figure 24. Schematic of the approach used to identify and separate storms (a). Storm mass curves
for the identified storms (b). Dimensionless storm mass curves (c). Intersections of storm mass curves
with vertical lines (d). Source: Bonta (2004).
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- Storm Database: Storms are extracted from the precipitation record using
monthly MDPD values to form a storm mass curve database (Figure 24b).

- Nondimensionalized Storm Curves: Each mass curve is nondimensionalized
by dividing all breakpoint mass curve depths by the total storm depth and all
elapsed times by the storm duration. The resulting curves are then
superimposed (Figure 24c).

- Storm Curves Intersections: For a given vertical line representing a single
dimensionless duration (e.g., dimensionless duration—axis value of 0.2), the
intersection of each dimensionless mass curve with this vertical is interpolated
(Figure 244d).
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Figure 25. Storm mass—curve intersections with isopleths of probability (Huff curves) and NRCS

design storms (“Type” curves) superimposed. Source: Bonta (2004).

- Building Probability Isopleths: The final step is to add the probability
dimension to the graph and determine the percentage of mass curve
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intersections at or below the assigned percentages for each vertical. Equation

15 calculates the following percentages:

100

P =t D (Eq.15)

where, P is the cumulative percentage of dimensionless depth points, i the
point number and n the total number of points. Interpolated dimensionless
depths corresponding to identical assigned probabilities are connected by
straight lines, which are now called isopleths (Figure 25).

The probability isopleths comprise a set of “Huff curves”, which are a probabilistic
summary representation of storm mass curves in terms of dimensionless elapsed

times into a storm and corresponding dimensionless accumulated depths.

4.3.2. Extraction of deep convective cloud properties

A mask was created to extract various optical and microphysical properties of the
storm clouds from the CC pixels detected with the best-fitting ML model and the

addition of the post-processing lighting filter.

The array stack of each of the ABI-GOES products was spatially interpolated to have
the same spatial domain as the Interest Fields generated with the CMIP data, which
is approximately 2 km for the CONUS domain (Figure 26). In this instance, CtP, CtH,
and TPW are resampled and interpolated because these products have a spatial
resolution of ~10 km, whereas COD and CtT share the same spatial domain as the
Interest Fields. In the case of the temperature variable, ABI-GOES channel 14 (IR
longwave window 11.21 um; Table 1) is used instead of CtT since it is equivalent to
this GOES product, which is only available in the Full Disk domain and has different

spatial and temporal resolutions than the CONUS domain products.

The pixels of the CONUS domain imagery do not have a uniform spatial resolution
because cells tend to have heterogeneous spatial sizes due to the effect of data
reprojection (i.e., mathematical transformations that adjust the latitude and longitude
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geographic coordinates of each pixel or feature in the dataset to fit the desired

coordinate system).
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Figure 26. Schematic of the deep convective cloud property extraction process. The CC pixels are
detected (a) and extraction masks are generated from them in the array stack of the GOES R
products; TPW, CtH, CtP, CtT, and COD (b). The values were averaged, and time series were
constructed to represent the behavior of these variables during the evolution of the potential deep
convection event detected.

Once the arrays of the ABI-GOES product set are masked, the values corresponding
to the zones of the study area where CC was detected are extracted. These values,
which represent each variable of the simulated event(s) at a given time step, are
then averaged. This average value serves as a magnitude, which we use to generate
plots. These plots depict the temporal behavior of each variable in the presence of
one or more potential deep convection events, providing a visual representation of
the findings. In the case of TPW, this product can be used to estimate the mean

amount of water that can be converted to rain in a simulated storm cloud.
4.3.3. Precipitation scenarios generation

Precipitation scenarios were generated by fitting time-averaged TPW values to the
distributions of dimensionless precipitation curves. In this study, an adaptation of the
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Huff curves construction methodology (Huff, 1967) based on PERSIANN data
(Nguyen et al., 2019) was used for the Los Mochis study site (Figure 27).

Figure 27. Los Mochis study site, the red boundary represents the ABI-GOES domain and the grid
corresponds to the spatial domain of the PERSIANN database (0.25° x 0.25°). The yellow dots
correspond to the PERSIANN cells used to generate the dimensionless precipitation curves, and the
red dot represents the location of Los Mochis-25116 weather station (CLICOM, 2016).
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Figure 28. Daily precipitation records between January 2000 and February 2013 for Los Mochis, test
site. Source: Created with information from CLICOM (2016).
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A quantitative analysis of the daily precipitation records collected by Los Mochis -
25116 climate station (CLICOM, 2016) was conducted with the objective of
identifying storms. All days between January 2000 and February 2013 when the daily
precipitation exceeded 40 mm per day were selected as storm days and used to
build a storm database (Figure 28).

Hourly rainfall information from the PERSIANN database was then used to
characterize each of the storms that occurred on storm days in the absence of
continuous and high-quality rainfall intensity records in this particular area. Following
the methodology for constructing Huff curves (Bonta, 2004), a set of isopleths was
constructed for 10, 50, and 90 % probability. This period was selected based on the
availability of PERISIANN information and rainfall data collected at the Los Mochis
station.

Finally, rainfall scenarios were generated by fitting the dimensionless rain mass
curves (in this case, with 50% probability) with the TPW estimates obtained from the
simulation of the Tropical Depression 19-E event (Davila Ortiz, 2019).

It is important to note that a more comprehensive analysis of the precipitation
patterns in the region is required in order to select an optimal MDPD value that allows
the identification of storms. The main objective of this section is to demonstrate the
potential for integration within the real-time flood risk estimation framework described

in the previous section.

4.4. Methodology: River flooding risk assessment

4.4.1. Runoff scenarios generation

To set a precedent for the flood risk assessment complained of in phase 3 of the
compressive framework proposed in this study, the precipitation scenario estimated
with a dimensionless precipitation curve and TPW estimation was used to generate
a runoff scenario following the methodology of a Dimensionless Unit Hydrograph
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(DUH; Wanielista & Yousef, 1992), which provides insights into the river behavior in

this rainfall scenario.

The DUH, a hydrologic tool developed by SCS, is widely used to estimate a
watershed's runoff response to a unit pulse of precipitation. It represents the
relationship between the input rainfall and the resulting direct runoff, enabling the
prediction of storm hydrographs. The SCS unit hydrograph is characterized by its

dimensionless nature (i.e., it is independent of watershed size or storm magnitude).

The estimate of DUH requires the peak discharge value (Qp) and the time to peak
(tp) (Equations 20 and 17). However, in this variant, instead of using a triangular
hydrograph, it is fitted to a set of coordinates that emulate the distribution of a flood

hydrograph obtained from field observations recorded by the SCS (Figure 29).

t, = 0.6t, (Eq.16)
D
tp :Etr (Eq17)
t, = 2.67t, (Eq.18)

where D is the duration of net precipitation (hours), t;, tc, and t, are the lag time
(hours), catchment concertation time (hours) and the base time (hours), respectively.
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Figure 29. Coordinates of the Dimensionless Unit Hydrograph. Source: Wanielista & Yousef (1992).
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According to the SCS, part of the precipitation captured in the basin does not become
runoff due to losses of various types (evaporation, infiltration), so it is necessary to
separate the net precipitation (Pn) from the total precipitation (P), which corresponds
to this part of the precipitation that can be converted into runoff. Equations 19 and
the initial value of the runoff threshold (Po), taken from the appendix of the
hydrological tables of the Ministerio de FOMENTO (2016), are used to estimate this

value.
(P — Py)?
=— Eqg.19
n = Tpyap, (Eq.19)
Pn ' Ac
= Eqg.20

where P, Pn, and Po are expressed in mm and Qp in m?/s. Ac is the surface area of

the basin in km2.

Figure 30. RH10Fb basin (green) and ABI-GOES simulation domain for Los Mochis test site (red).
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Runoff scenarios were generated for the RH10Fb basin (Bahia Lechuguilla-Ohuira-
Navachiste; Figure 30), described in Davila Ortiz (2019). Table 6 presents the basin
parameters used to calculate the discharge and peak time, which were extracted
from the INEGI watershed flow simulator (SIATL-INEGI, 2016).

Table 6. Basin parameters for RH10Fb basin. Source: SIATL-INEGI (2016).

Parameter RH10Fb
Surface area 2,233.49 km?
Concentration time 23.05 hours
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Chapter 5. Results and Discussion

5.1. Feature importance analysis

Figures 31a— b and 31c— d present the relative feature importance identified by the
RF and LR models for Los Mochis and Mexico City, respectively. In both study areas,
PCA revealed that five principal components collectively explain 95% of the total
variance in the datasets. This finding suggests that the dimensionality of the datasets
can be reduced to five components while retaining a significant amount of

information from the original dataset.
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Figure 31. Feature importance analysis using the absolute value of the coefficients obtained in the
training stage of the LR model (a-b) and the MDI estimated for the 12 Interest Fields with the RF
model (c-d). a-c corresponds to Los Mochis and b-d to Mexico City datasets. A high MDI value and
the weight of the coefficients are interpreted as indicators of the degree of contribution of a variable.

The vertical line divides the interest Fields of used to construct the new (reduced) dataset.
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This study selected the first five Interest Fields with the highest weighting coefficients
in LR and the highest Mean Decrease in Impurity (MDI) values in RF, as outlined in
Table 7. Remarkably, the Interest Fields with the most significant contributions to CC
detection consistently included four predictor variables: CtT, CtHO1, CtHO2, and
CtHO3.

Table 7. Interest Fields were used as predictor variables after the feature importance analysis,
for Los Mochis and Mexico City datasets.

Los Mochis Mexico City
CtT CtT
CtHO1 CtHO1
CtHO02 CtHO02
CtHO3 CtHO3
CtGO1 CtGO1

CtG03 TChCtHO1

Consequently, the original datasets, initially characterized by 12 components, were
reduced to 6, leveraging the most influential Interest Fields in the LR and RF models.
This reduction in dimensionality underscores the capacity to capture critical
information while enhancing the efficiency of subsequent analyses.

The recurrence with which some Interest Fields appear in both models and zones
indicates the predictors that provide the most significant degree of information for
deep convective cloud detection. For example, the CtT Interest Fields, which are
associated with the cloud top brightness temperature values detected by the ABI-
GOES 14 channel (11.2 um TB), consistently contribute significantly at both study
sites. This prominence can be attributed to the characteristic properties of deep
convective clouds, where the temperature at the top of the cloud is cooler than the

surrounding environment.

During the convection process, such deep clouds ascend to significant altitudes,
reaching regions of lower atmospheric pressure. This ascent triggers the adiabatic
cooling process, where the rising air expands and cools as it moves upward through
the atmosphere, resulting in a significantly lower temperature at the top of the cloud.
CtT is an Interest Field with a high degree of importance that recurs in other works.
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For example, D. Han et al. (2019), S. Lee et al. (2017), and Mecikalski et al. (2015)
reported CtT as a significant contributor to the identification of Convective Initiation
events (i.e., the probability that a given cumulus cloud object will develop into a 235-
dBZ-intensity radar echo at —10°C altitude; Gravelle et al., 2016). Furthermore, in
Kim et al. (2017), CtT was identified as the most influential variable in Overshooting

convective cloud Tops (OTs) classification by both RF and LR models.

The following Interest Fields, in order of importance, are CtHO1, CtH02, and CtHO3.
These fields, with their spectral differences between ABI-GOES channels, provide
valuable insight into the height and depth of the cloud-top (S. Lee et al., 2017).
Similar to CtT, CtHO1 emerges as one of the variables with a higher degree of
contribution in CC class detection. This Interest Field is used to determine the lower
stratospheric moisture and shows positivity when water vapor is detected above
cloud tops, a key indicator of the presence of OTs formations (Kim et al., 2017). On
the other hand, for the glaciation indicators, only CtGO1 was identified as one of the
most significant variables, although ice production in the upper levels of the cloud
occurs regularly near the time of maximum cloud growth (Henderson et al., 2021).

Despite the inclusion of the temporal trend variables as Interest Fields designed to
convey information about the rate of vertical cloud-top growth, these predictors
generally contributed relatively less in both the LR and RF models (except for
TChCtHO1 at the Mexico City site). This finding highlights the necessity for further
research and refinement in this field.

Figures 32 and 33 illustrate the distribution of selected fields of interest after feature
importance analysis for Los Mochis and Mexico City, respectively. In the Los Mochis
dataset, the CC and noCC classes show statistically discernible differences in the
six selected Interest Fields, thus improving the classification task in the ML models.
There are minimal Interquartile Ranges (IQRs) for the CC class, with a median close
to O for spectral difference fields. It is consistent with the claim of Kim et al. (2017)
that when a cloud reaches its local equilibrium height or the height of the tropopause,
all channel differences tend to approach zero.
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Figure 32. Box plots of input variables for reference data used in the CC detection models for Los

Mochis. The predictive dataset was generated from the most significant features of the LR and RF

models. The number of classes labeled as CC is 24,116 and noCC is 10,884.
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In contrast, the data distribution for the noCC class is much broader. In the Cloud-
top Temperature (CtT) field, cells present higher values because the tops of deep
convective clouds are colder due to adiabatic cooling. In the spectral difference
fields, these are mostly negative values.

For the Mexico City dataset, overlapping distributions can be seen in the boxplots of
the selected Interest Fields. It is reflected in the performance metrics of the ML
models, which notably present lower values than the metrics observed in the Los
Mochis case. However, the overall trends are preserved, and the CtT values are
lower for the CC class. In addition, the noCC values were lower in the height and
glaciation spectral difference fields. Regarding the IQRs of the predictors, the
distributions appear more balanced for both classes, which, together with the
distribution overlap, allows us to infer greater complexity in modeling CC events at
Mexico City than at Los Mochis.

The CtT Interest Field's significant contribution to detecting the CC class is evident.
Cells with lower temperature values are associated with potential storm clouds. In
this context, da Silva Neto et al. (2016) list some cloud-top temperature thresholds
reported in studies related to the identification of deep convective clouds, such as
241 and 221 K (Maddox, 1980), 221 K (Anderson & Arritt, 1998), 225 K (K. Bedka
et al., 2010), 255 and 206 K (Machado & Rossow, 1993). Additionally, Siqueira et al.
(2021) analyzed 7139 mesoscale convective events over southeastern Brazil and
estimated mean brightness temperature values of 224 K at convective initiation, 220
K at maturation, and 225 K at decay. This research estimated that storm clouds
manifest at a CtT threshold of <220 K for the Los Mochis study site and <260 K for
Mexico City.

5.2.  Hyper-parameters Tuning results

Figure 34 shows the results of the hyperparameter tuning process for the LR, RF,

and MLP models using the cross-validation strategy. These parameters control the
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complexity and regularization of the ML models and, therefore, need to be specified
in advance. Additionally, these parameters can significantly influence the
performance of the ML models (Ukkonen & Makel&, 2019).
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Figure 34. Hyperparameter tuning results for RF (a, b), LR (c, d), and MLP (e, f). The plots on the left
correspond to Los Mochis dataset (a, ¢, €), and those on the right correspond to the Mexico City
dataset (b, d, f).

Regarding LR, the highest accuracy values for both study areas were obtained with
a configuration of C = 0.01 and the L2 penalty rule (Table 8). The parameter C is the
inverse of the regularization strength, with smaller values of C corresponding to more
robust regularization. Regularization prevents overfitting by penalizing large
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coefficient values, thus favoring simpler models. When C is large, the model
minimizes the misclassification of training data, potentially leading to complex
models that fit noise. On the other hand, smaller C values emphasize coefficient
regularization, favoring models that may generalize better to new data (D&vila Ortiz
et al., 2023a). Similarly, L2 helps prevent overfitting by discouraging overly complex
models with large coefficient values. This regularization term is proportional to the
square of the size of the coefficients. The liblinear and Newton-cg solvers are
numerical optimization algorithms which find optimal coefficients that minimize the

logistic loss function.

Table 8. Summary of the hyperparameters of LR, RF, and, MLP were tuned using the cross-validation

strategy.
Hyperparameter Los Mochis  Mexico City
Norm of the penalty (LR) L2 L2
The inverse of regularization strength (LR) 0.01 0.01
Solver (LR) liblinear newton-cg
Maximum depth of the tree (RF) 2 5
Number of trees in the forest (RF) 500 100
Random split predictor variables (RF) 1 1
Number of neurons in the hidden layer (MLP) 10 100
Solver (MLP) SGD Adam

For RF, there was a significant difference between Los Mochis and Mexico City
datasets regarding the number of trees in the forest (number of estimators), which
was 500 and 100, respectively. In the context of RF, this parameter determines the
number of decision trees (DT) included in the ensemble. The maximum depth of the
trees is higher in the Mexico City dataset, which could be because, at a greater

depth, each tree can capture more complex patterns in the data.

The number of neurons (n) in the hidden layer of an MLP neural network is a flexible
parameter that adapts to the complexity of the dataset and the nature of the
underlying patterns. In this sense, the Mexico City dataset (h=100) may contain more
intricate and complex patterns than the Los Mochis dataset (n=10), necessitating a

more expressive model to learn the intricate features and representations in the data.

83



Stochastic Gradient Descent (SGD) and Adam are optimization algorithms used to
update the neural network weights during the training process. SGD works by
updating the model parameters (weights) in a direction that reduces the loss function
for a randomly selected subset of the training data (mini-batch), where each mini-
batch is randomly selected from the training set. Adam is an adaptive learning rate
method that efficiently updates the model weights during training. This algorithm
helps accelerate convergence, especially in varied and complex data scenarios.

5.3. Performance and validation of detection models

Each ML approach was evaluated using six performance metrics (POD, FAR, ACC,
BIAS, CSI, and F1) that indicate each model’s ability to detect convective cells, false
alarm rate, etc. The effect of integrating a post-processing filter lightning incidence-
based was also evaluated.

Figures 35 and 36 show the results for datasets corresponding to Los Mochis and
Mexico City, respectively. For the Los Mochis dataset, there was a marginal
difference between the results of the ML approaches (ML series) and those with the
integrated post-processing filter (ML+LF). In this regard, the ability of the models to
detect the CC class, represented by the POD metric, presents values close to 0.8.
At the same time, the FAR value for all ML approaches remains below 0.2. This
means that potential profound convective events can be detected proficiently without
including lightning incidence data. However, this does not imply that lightning is
infrequent in the region; on the contrary, Holle & Murphy (2015) reported a high
density of lightning strikes in northeastern Mexico. The region with the highest
density of lightning strikes is in the narrow strip between the SMO and the Gulf of
California, with peaks observed in July and August, coinciding with the dates used
to construct the data sets for this research. In addition, GLM-GOES lightning strikes

were identified in 8 of the 14 images used to construct the training and test datasets.
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Figure 35. Evaluation results of the POD, FAR, ACC, BIAS, CSI, and F1 metrics for the ML
approaches using Los Mochis test dataset. Each vertex of the graph corresponds to an ML approach,
the blue lines correspond to the performance results of the ML models (ML), and the red lines show

the results with Lightning Filter integration (ML+LF).
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Figure 36. Evaluation results of the POD, FAR, ACC, BIAS, CSI, and F1 metrics for the ML
approaches using Mexico City test dataset. Each vertex of the graph corresponds to an ML approach,
the blue lines correspond to the performance results of the ML models (ML), and the red lines show
the results with Lightning Filter integration (ML+LF).
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Alternatively, the Mexico City site shows significant improvement when the Lightning
Filter is integrated, mainly showcasing the POD, CSI, and F1 metrics. For example,
the highest value was POD = 0.68, obtained using RF, which increased to POD =
0.72 after the post-processing filter. The second-highest POD was obtained using
the LR, which increased from 0.63 to 0.7 after integrating the LF. Contrary to the Los
Mochis dataset, for Mexico City, the integration of GLM data significantly enhances
the ability of the system to detect the CC class across all ML approaches. This
improvement is attributed to the fact that the occurrence of lightning strikes is a
reliable indicator of the generation of a deep convective event, which is consistent

with the intense lightning activity in the region.

In addition to POD, both CSI and F1 metrics show improvements in ML approaches
with initially lower overall performance, such as LR-stacking and Soft-Voting for
Mexico City dataset. In contrast, the Lightning Filter negatively affects the Bias
metric, increasing its values beyond the optimal 1. This metric, which ranges from 0
to infinity, assesses whether the forecasting method tends to underestimate
(BIAS<1) or overestimate (BIAS>1) the CC class (Siqueira et al., 2021). In this
context, the presenting Bias values greater than 1 with the Lightning Filter integration
may indicate a limitation in the labeling of convective cells with the MODIS sensor,
which has a lower resolution than the ABI-GOES products. This is because there
are areas labeled as noCC that present lightning activity that indicates the generation
of a convective environment. Future work will address the integration of
unsupervised learning approaches to simplify the generation of a reference set using

a higher-resolution sensor.

The analysis of the Los Mochis dataset revealed no significant differences between
the use of model ensembles and more straightforward approaches such as LR. This
finding is consistent with the results of previous studies (Kim et al., 2017; Mecikalski
et al.,, 2015; Ukkonen & Maékela, 2019) that reported this model as a robust
alternative for convective hazard modeling and detection. In contrast, the
performance of each ML approach differed significantly for the Mexico City dataset.
The results demonstrated that LR-stacking, RF-stacking, and Soft-Voting exhibited
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inferior performance for the majority of the evaluated metrics. Conversely, LR, RF,
MLP, Bagging, and Hard-Voting consistently demonstrated comparable and

satisfactory performance across all six metrics.

Regarding the POD values, the acceptable threshold may vary based on the specific
forecasting or detection system goals. However, a high POD value may be
necessary to minimize the risk of missing hazardous events. In this sense, for the
Los Mochis dataset, the highest value was POD = 0.84, while, in the Mexico City
dataset, it was POD = 0.72; both obtained LR after post-processing filtering. In this
context, Kim et al. (2017) and Kim et al. (2018), in their work on OT detection, report
performances of POD = 0.77 and POD = 0.79, respectively, while S. Lee et al. (2017)
and H. Han et al. (2015) in their studies on CI detection estimated values of POD =
0.8 and POD > 0.7. Examples from the literature, such as Liu et al. (2019), with their
proposed convective environment alerting and monitoring system, obtained a POD
between 0.66 and 0.7; on the other hand, Zhang et al. (2019), with their convective

storm nowcasting based on CNN, achieved POD values close to 0.7.

The FAR metric provides information about the classifier making incorrect positive
predictions. In the case of Los Mochis, the FAR values were below 0.2, with minimal
variation between the different ML approaches, with values between 0.16 and 0.18.
In Mexico City, significant variation was observed, with LR-stacking and RF-stacking
having the highest FAR values at 0.51, indicating a higher incidence of false alarms.
Other ML approaches, particularly LR and RF, also showed increased FAR values,
but to a lesser extent. In this case, LR changed from FAR = 0.40 to 0.42, while RF
changed from FAR = 0.41 to 0.43 in the ML+LF series. Compared with the existing
literature, the FAR values vary significantly depending on the type of convective
forecast performed. For example, Kim et al. (2017) and Kim et al. (2018) reported
FAR values between 0.3 and 0.09, while K. M. Bedka & Khlopenkov (2016) obtained
FAR values between 0.01 and 0.18. For Cl detection, H. Han et al. (2015) estimated
FAR values between 0.46 and 0.83, S. Lee et al. (2017) a FAR = 0.2, in Mecikalski
et al. (2015) the FAR value ranges between 0.22 and 0.36, and finally in D. Han et
al. (2019) it ranges from 0.46 to 0.37.
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Accuracy (Acc) provides an overview of the effectiveness of a model in correctly
classifying samples. In the Los Mochis dataset, there are no significant differences
between the Acc values of the ML approaches, which are generally slightly higher
than 0.7. In this case, adding LF leads to a marginal increase in the Acc value,
although not significant. Conversely, in Mexico City, the lowest values were recorded
for LR-Stacking and RF-Stacking, with Acc = 0.62, while LR, RF, Bagging, and Hard-
Voting had Acc values of 0.7. However, this metric is susceptible to bias in datasets
with class imbalance because it does not consider the distribution of classes in the
dataset. Therefore, it is imperative to complement the assessment of model
performance with other metrics. The similarity in Acc values between Los Mochis
and Mexico City is noteworthy, especially considering the higher class imbalance in
Los Mochis (CC class = 69%, noCC class = 31%) compared to the Mexico City
dataset (CC class = 42%, noCC class = 58%).

Bias is another standard metric in studies related to convective event detection (e.g.,
Siqueira et al., 2021), as well as in convective hazard forecasting such as lightning
(e.g., Zhou et al., 2020), as it assesses whether the forecast method tends to
underestimate or overestimate CC events. The estimated Bias values for Los Mochis
range from 0.97 to 1.03, indicating a relatively acceptable performance in terms of
false alarms and misses. In contrast, significant variation is observed between ML
approaches in Mexico City, with values exceeding Bias > 1.15 for RF and escalating
to Bias > 1.25 after LF.

The comprehensive analysis of different metrics facilitates a thorough evaluation of
the forecasting framework proposed in this study. Thus, integrating GLM data
increases the CC class's overestimation rate concerning the target reference
dataset. However, it enhances the system's ability to detect CC events.

CSI assesses a forecast's accuracy in predicting a specific event's occurrence (e.g.,
severe thunderstorms) relative to actual observations. It is particularly useful in
situations where false alarms or missed events can have important consequences,

such as severe weather forecasting. For the Los Mochis dataset, CSl values close
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to 0.7 were estimated, implying that a CSI greater than 0.7 indicates a robust
classification model. The model accurately identifies positive cases while minimizing
false alarms and misses. The CSI results for the Mexico City dataset range between
0.4 and 0.5, slightly increasing after post-processing with LF, especially for the worst-
performing metrics such as LR-Stacking, RF-Stacking, and Soft-Voting. A CSl value
between 0.4 and 0.7 indicates moderate success in the classification task. Although
the model accurately predicts positive instances, there is room for improvement in

reducing false positives.

Regarding the F1 metric, a high F1 score, closer to 1, indicates a model with high
precision and recall. In the context of the Los Mochis, it can be inferred that all ML
approaches effectively classify positive instances while avoiding false positives and
false negatives. Similarly, the post-processing LF improves the F1 score for models
with lower performance in the Mexico City dataset. For specific ML approaches, such
as LR, RF, MLP, Bagging, and Hard-Voting, the F1 values are estimated to be F1 =
0.63.

Figure 37 shows the Receiver Operating Characteristic (ROC) curves for the ML
approaches for the Los Mochis and Mexico City datasets. These curves showcase
the trade-off between sensitivity and specificity at different threshold values. A
classifier with a curve closer to the upper-left corner indicates better performance by
achieving high accurate positive rates while maintaining low false positive rates. For
the Los Mochis dataset, a generally homogeneous behavior was observed, except
for RF-Stacking, which showed a lower discriminative capacity. The area under the
ROC curve (AUC) values is higher than 0.7, indicating that the ML approaches
generally have an acceptable discrimination capacity between classes. In the case
of Mexico City, the ROC curve analysis revealed that LR, RF, MLP, Bagging, and
Hard-Voting consistently outperformed over several thresholds. These classifiers
showed ROC curves with a steeper ascent, suggesting enhanced discrimination
between CC and noCC cases. This finding implies that these ML approaches are
well-suited for CC detection in this specific dataset. Nonetheless, it is essential to
consider the insights provided by other metrics in conjunction with the ROC analysis.
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Figure 37. ROC curves and AUC values for the predictions obtained with LR (black), RF (red), MLP
(brown), LR-Stacking (blue), RF-Stacking (cyan), Bagging (magenta), and Soft-Voting (light green)
for Los Mochis (a) and Mexico City (b) datasets. These ROC curves provide a comparison of the
sensitivity and specificity of each ML approach at different discrimination thresholds.

5.4. Simulation of reference convective events

Examples of deep convection events simulated from each ML approach for Los Mo-
chis and Mexico City are shown in Figures 38-41. This comparison allows a
gualitative evaluation of the performance of each model, while the loU metric
indicates the overlap between the predicted regions and the ground truth (Table 9).

Table 9. loU metric results for the Los Mochis 2018-227 - 18:00 (August 15, 2018), Los Mochis 2019-
234 - 17:30 (August 22, 2019), Mexico City 2019-247 - 20:10 (September 04, 2019), and Mexico City
2021-135 - 19:50 (May 15, 2021) events for each ML Approach. Note: These events were taken from

the test data set for each study area.

. LR RF Hard Soft

Event LR RF MLP Bagging stacking stacking voting voting
Los Mochis 2018-227 -18:00 0.86 0.76 0.56 0.67 0.44 0.62 0.65 0.65
Los Mochis 2019-234-17:30 0.86 0.84 0.67 0.72 0.57 0.59 0.77 0.77
Mexico City 2019-247 - 20:10 0.53 0.51 0.51 0.53 0.41 0.42 0.52 0.45
Mexico City 2021-135-19:50 0.54 0.54 0.54 0.54 0.34 0.34 0.55 0.41
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Figure 38. loU maps of the Los Mochis 2018-227 - 18:00 (August 15, 2018) event, generated with
the reference labels and simulations of the eight ML approaches LR (a), RF (b), MLP (c), Bagging
(d), LRstacking (e), RFstacking (f), Hvoting (g), Svoting (h), and Cloud-top brightness temperature
map of the same event obtained from the ABI-GOES channel 14 (i). In general, most ML models
underestimate the cloud boundary, except for LR, where the identification of a potential unlabeled
convective core is simulated. The remnants of this core are also presented in MLP, Bagging, and
Svoting. Salt-and-pepper noise is observed in LRstacking and RFstacking. TN: True Negative values,
FN: False Negative values, FP: False Positive values, and TP: True Positive values.

In the Los Mochis dataset, the simulations of the August 15, 2018 (Figure 38) and
August 22, 2019 (Figure 39) events showed a tendency to underestimate the total
area of deep convective clouds at their boundaries, except for the LR model, where
the highest loU values were estimated (loU = 0.86 in both cases).

The presence of false negative pixels at the cloud edge indicates the difficulty in
accurately modeling this transition zone, where cloud properties derived from ABI-
GOES data become diffuse (Davila-Ortiz et al., 2024). Comparing the event
simulations with the Cloud-top temperature maps, it can be seen that there is a good
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correspondence between the spatial distribution of the CC pixels and the coldest
areas of the images. However, in both events, these colder regions present a larger
area in the simulated CC class and target labels, adding uncertainty about the actual
extent of the deep convection event. Therefore, future work will explore adding a

transition class between CC and noCC.

In Figure 38, most ML approaches, excluding RF, simulate a convective core in the
lower right part of the simulation domain, which is inconsistent with the reference
labels for this event. This discrepancy could be attributed to the better ability to detect

deep convection events from AGI-GOES data compared with MODIS.
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Figure 39. loU maps of the Los Mochis 2019-234 - 17:30 (August 22, 2019), event generated with
the reference labels and simulations of the eight ML approaches LR (a), RF (b), MLP (c), Bagging
(d), LRstacking (e), RFstacking (f), Hvoting (g), Svoting (h), and Cloud-top brightness temperature
map of the same event obtained from the ABI-GOES channel 14 (i). The majority of the ML models
showed the tendency to underestimate the CC class at the edge of the convective cloud and the
presence of salt-and-pepper noise in MLP, Bagging, LRstacking and RFstacking and Svoting.
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Figure 40. loU maps of the Mexico City 2019-247 - 20:10 (September 04, 2019), event generated
with the reference labels and simulations of the eight ML approaches LR (a), RF (b), MLP (c), Bagging
(d), LRstacking (e), RFstacking (f), Hvoting (g), Svoting (h), and Cloud-top brightness temperature
map of the same event obtained from the ABI-GOES channel 14 (i). The outputs of LR, RF, MLP,
Bagging, and Hvoting are consistent with each other and show a significant level of overestimation at
the edge of the cloud. On the other hand, the outputs generated by LRstacking, RFstacking, and
Svoting are extremely noisy, especially at the boundary of the clouds.

The ensemble models LRstacking and RFstacking show the worst performance, with
loU values of 0.44 and 0.62, respectively, for the 2018-227 - 18:00 event and IoU
values of 0.57 and 0.59 for the 2019-234 - 17:30 event. These ML approaches
observe a pronounced salt-and-pepper effect when no contextual spatial information
is provided (Kete et al., 2019).
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This pattern is also evident in the simulated events for Mexico City (see Figures 40
and 41), where LRstacking, RFstacking, and Svoting similarly demonstrate this
effect, which is strongly correlated with the low-performance metrics of the test
dataset. In the event Mexico City 2019-247 - 20:10 (Figure 40), two well-separated
clouds can be seen forming over regions of higher topographic elevation, together
with the presence of cores of lower cloud top temperature, allowing the inference
that their formation was due to a forced convection process.
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Figure 41. loU maps of the Mexico City 2021-135 - 19:50 (May 15, 2021), event generated with the
reference labels and simulations of the eight ML approaches LR (a), RF (b), MLP (c), Bagging (d),
LRstacking (e), RFstacking (f), Hvoting (g), Svoting (h), and Cloud-top brightness temperature map
of the same event obtained from the ABI-GOES channel 14 (i). The simulations obtained with
LRstacking, RFstacking, and Svoting are particularly noisy; however, the remaining ML approaches
correctly simulate deep convection zones with a significant degree of underestimation at the edges
of these regions.
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In the case of the two events simulated for Los Mochis, all ML approaches
demonstrated limitations in accurately modeling the cloud boundary. This may be
attributed to a possible diffusion effect of the optical and microphysical properties at
the boundaries of the deep convective cloud or to inherent constraints of the labeling
process with MODIS data. A similar situation occurs in the case of Mexico City,
where the area of both convective events is overestimated for this spatial domain.
Furthermore, there is a consistent presence of false positive pixels in the cloud
edges (Figures 40 and 41). However, these overestimation zones are consistent with
cooler zones mapped by the ABI-GOES Channel 14. As in the previous cases,
addressing this area of improvement could entail the addition of a transition class or
the adoption of alternative methods that preserve the spatial contextual structure,
such as Convolutional Neural Networks (CNN) or other spatially aware models. For
example, object-based forecasting models offer the advantages of identifying
pertinent regions for severe weather prediction and reducing the volume of data
processed (Gagne et al., 2017).

5.5. Computational costs of ML approaches

Figure 42 comprehensively evaluates the computational costs associated with the
eight ML approaches in both Los Mochis (Figure 42a) and Mexico City (Figure 42b).
This assessment, crucially, is conducted within a standardized computing
environment, considering both computational time and memory usage. Doing so
provides reliable insight into each model's efficiency and resource requirements,

ensuring a fair and consistent comparison.

The results of the Los Mochis dataset showed notable variations in the
computational cost across the evaluated ML approaches. RF and Bagging
demonstrated efficient computation times but consumed more memory. This
highlights their resource-intensive nature, primarily due to the sampling with
replacement, which increases the dataset size during training. LR and MLP

presented a balanced trade-off between time and memory usage, with LR generally
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showing low computing time because it involves simple matrix operations and low
memory consumption. After all, LR only stores the coefficients of the linear model.
On the other hand, in this analysis, the MLP remains a simple configuration with only
one hidden layer. Ensemble models present increased memory usage in this
scenario because of their greater complexity. However, this trend does not hold in
the computational time domain, where LR, RF, and Bagging were the ML
approaches with less time consumption, showing only marginal variation.
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Figure 42. Computational cost graph for each ML approach corresponding to Los Mochis (a) and
Mexico City (b). The right axis shows the total simulation time and the left axis shows the memory

usage.

In the Mexico City dataset, Hard-Voting exhibited a longer computing time than other
ML approaches. It's noteworthy to mention that the omission of SVM in Soft-Voting
can reduce the processing time compared to Hard-Voting (Figure 42b). For Los
Mochis, RF demonstrated efficient computation times but consumed more memory
(Figure 42a). Conversely, LR, RF, and Bagging demonstrated competitive
performance in both time and memory. A more comprehensive comparison should
consider the specific requirements of the application, the size of the dataset, and

available computing resources.
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5.6. Dimensionless precipitation curves for Los Mochis, Sin

Figure 43 shows the summary process for generating 10%, 50%, and 90% curves
(isopleths) of the probability distributions of dimensionless depths (Huff Curves;
Figure 43d) based on Huff methodology modified by Bonta (2004) for the Los Mochis

domain.
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Figure 43. Stepl: Storm mass curves for storms identified. Storm totals >40 mm (a). Step2:
Dimensionless storm mass curves (b). Step3: Storm mass—curve intersections with Duration times
(c). Step4: Isopleths of probability (Huff Curves; d).
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These probability isopleths comprise a set of "Huff Curves," a probabilistic summary
representation of storm mass curves in terms of dimensionless elapsed times into a
storm and corresponding dimensionless accumulated depths (Figure 43d). In this
context, a 90% isopleth implies that for all storm durations, 90% of the accumulated
precipitation has occurred for all dimensionless storm durations (Bonta, 2004). For
most purposes, median curves (50% isopleth) are probably most applicable to the
design. Extreme curves (10 % or 90 %) can be helpful when runoff estimates are
needed for unusual storm conditions (Elfeki et al., 2014).

The dimensionless precipitation curves for the Los Mochis spatial domain were
derived from the estimated hourly precipitation data sourced from the PERSIANN
database (0.25° x 0.25°; Nguyen et al., 2019). These data were collected for storm
days recorded by the Los Mochis - 25116 climate station (CLICOM, 2016). The
subsequent step in generating precipitation scenarios, based on TPW derived from
a deep convective event, is discussed by considering the simulation of the Tropical
Depression 19-E event (Davila Ortiz, 2019).

5.7. Generation of Rainfall-Runoff scenario assessment

From the RF model, which together with LR were the ML approaches that achieved
the best performance metrics in the Los Mochis dataset, the Tropical Depression 19-
E event was simulated, which had significant impacts on September 19 and 20, 2018
(Davila Ortiz, 2019). This event was selected due to the intense convective activity
that occurred in various areas of northwest Mexico, leading to high-intensity storms.
According to Proteccién Civil Municipal, over 350 mm of rainfall was reported during
the night of September 19 (El Debate, 2018).

Figure 44 compares the simulation of the event as it reached its highest TPW peak
with the temperature at the top of the cloud, showing a particularly close relationship
between the simulated CC class distribution and the presence of cooler cloud

regions.
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Figure 44. Comparison between RF and LR simulations with Cloud-top brightness temperature map
for Los Mochis 2018-261 18:57 event (Tropical Depression 19-E).

Figure 45a shows the estimated mean TPW values for all simulated CC pixels
between each satellite view of the 19-E event over the Los Mochis domain (Figure
1), each 5 min. Although these estimates represent the average TPW values of the
entire simulation domain, which may consist of one or more convective cores or
several independent vertically developing clouds in the mature phase, this value is
a good indicator of the level of risk from the impact of a potential storm within the
spatial domain of the simulation. In this sense, it is noteworthy that the TPW
estimates for this event range between 50 and 60 mm from an early stage of event
formation; this does not mean that all regions of the domain simulated with the CC
class are homogeneous; therefore, it could be inferred that certain areas could
present even higher estimated TPW values. This could be related to the high rainfall

intensity during this severe storm.
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Figure 45. a) Estimated average TPW values using detected CC pixels as the extraction mask array
for each satellite view of the 19-E event over the Los Mochis domain (each 5 min). b) 50% Isopleths

of probability.

Once the TPW values derived from the ABI-GOES products are extracted, they are
averaged, and adjusted to the distribution of the isopleths generated with information
from the Los Mochis spatial domain. For this example, we chose rainfall with a
duration of 6 h and a 50% curve representing the median of the analyzed storms
(Figure 45b). However, these parameters can be modified according to the objective
of the rainfall scenario and the forecaster's criteria.

The result of disaggregating the peak TPW value of 58 mm is the precipitation
scenario (hyetogram) shown in Figure 46. This scenario, adjusted to a total depth of
58 mm and a total duration of 6 h (360 min), corresponds to the 18:45 UTC of the
19-E event. Once the presence of the CC class is detected in the spatial domain and
the TPW values from ABI-GOES products are available, this scenario can be
updated according to the time distribution of the system proposed in this work. This
update can occur every 5 minutes, aligning with the availability of information from
the ABI-GOES sensor.

Finally, Figure 47 shows the runoff scenario derived from the precipitation scenario
of the 19-E event and the hydrographic parameters of the RH10Fb basin. From the

TPW estimation during the analyzed convective event, a peak flow of up to 250 m/s?
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was estimated, indicating a significant risk level due to main stem overflow,

floodplain inundation, presence of urban flash floods, and landslide hazards.
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Figure 46. Precipitation scenario derived from the average TPW of simulated CC pixels in Los Mochis
2018-261 18:57 event (Tropical Depression 19-E) and the 50% Huff isopleth. The hyetograph has a
duration of 6 h and a total precipitation depth of 58 mm.
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Figure 47. Estimated hydrograph (Runoff scenario) for the RH10Fb basin, based on the precipitation
scenario generated for Los Mochis 2018-261 18:57 event (Tropical Depression 19-E).

The river flood estimation analysis based on the runoff scenario provides valuable
insights into the potential impact of extreme rainfall events on flooding within the

main river basin.
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Chapter 6. Example of application: Buoyancy

force analysis

6.1. Deep convective cloud formation events

One of the principal axes of this research, in addition to developing and implementing
an EWS in the face of deep convective events, is its application as a tool for studying
and analyzing the formation processes and physical properties of storm clouds in
different regions of Mexico.

In this context, 12 intense convective events were collected (Table 10) in five
different spatial domains in Mexico (Figure 48). These domains include the Los
Mochis domain (Figure 1) and an extension of the Mexico City domain (Figure 3) to
cover a broader area of the Trans-Mexican Volcanic Belt. These events were
selected using an alternative criterion to delineate potential areas with the presence
of deep convective clouds, adapting the ISCCP methodology (Rossow & Schiffer,
1991) of simple thresholding, cells with COD (Cloud Optical Depth, instead of Cloud
Optical Thickness; Table 2) values greater than 23 and CtP values less than 440 mb

are referred to as deep convective clouds (Figure 11).

Table 10. List of events included in this example of application.

Name Spatial domain Date
Event 01 Trans-Mexican Volcanic Belt section Jun 17, 2018
Event 02 Trans-Mexican Volcanic Belt section Sep 18, 2018
Event 03 Trans-Mexican Volcanic Belt section Sep 16, 2021
Event 04 Chiapas-Tabasco May 02, 2019
Event 05 Chiapas-Tabasco Oct 15, 2022
Event 06 Los Mochis, Sin Jul 17, 2018
Event 07 Los Mochis, Sin Sep 18, 2018
Event 08 Ciudad Victoria, Tamps May 21, 2021
Event 09 Ciudad Victoria, Tamps Sep 05, 2022
Event 10 Alvarez Mountain Range May 09, 2018
Event 11 Alvarez Mountain Range Jun 09, 2020
Event 12 Alvarez Mountain Range Sep 17, 2022
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Figure 48. Selected spatial domains in this example of application. a) Trans-Mexican Volcanic Belt
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Range.

This approach has important limitations compared with the one proposed by the ML
models explored in this study. First, this method is based on MODIS products;
therefore, adaptation to ABI-GOES data is required. In addition, the spatial resolution
of the products derived from GOES-R differs from that of the ABI-GOES bands.
(Table 1). For example, the COD product image is produced on the ABI fixed grid
with a spatial resolution of ~2 km for the CONUS coverage region (Figure 8) and ~10
km for the CtP product (NOAA & NASA program, 2019).

However, with the proposed method, the process becomes simpler. By selecting a
thresholding criterion based on ABI-GOES derived products (Table 2), the need to
consolidate a reference dataset and train ML models to detect potential deep
convective clouds is eliminated. This approach, as demonstrated in the binary
labeling process of Convective Cells (CC) and noCC in Figure 49, is straightforward

and flexible, making it more accessible for a wider range of study areas.
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Figure 49. Binary labeling of a convective event using a thresholding approach for different time steps
for Event 01 (Trans-Mexican Volcanic Belt section). Yellow cells correspond to CC and purple cells
to no CC.

While the selection of different spatial domains was driven by the intense convective
activity characteristic of these regions due to different convective processes, a
detailed description of the physical terrain conditions as well as the atmospheric
dynamics process is beyond the scope of this study.

This section only addresses the analysis of various optical and microphysical
properties within the identified vertical development clouds. The goal is to explore
the potential implementation of a tool for studying storm clouds based on the
architecture and code developed for the proposed framework. A future study will
consider a comprehensive analysis of these 12 convective events and their

understanding of atmospheric cloud formation processes.

The potential of this application is then illustrated through the analysis of formation
variables and cloud properties, focusing on four reference events selected from
Table 10. The variables considered include CtH (Cloud-top Height), CtT (Cloud-top
Temperature), CtP (Cloud-top Pressure), COD (Cloud Optical Depth), and TPW
(Total Precipitable Water). These variables will be studied to gain insight into cloud

formation and evolution dynamics.
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6.2. Deep convective clouds properties

- Topographic Configuration

Figure 50 shows the topographic configuration within each spatial area delineated in
Figure 48, corresponding to Events 02, 05, 07, and 09 (Table 10). The area
corresponding to the Trans-Mexican Volcanic Belt section (Figure 50a) shows
intricate topographic features related to regional tectonic activity resulting from the
interaction of the North American, Pacific, and Cocos tectonic plates. Ledn-Cruz et
al. (2021) emphasize the considerable role of these complex relief features in
influencing forced convection processes. On the other hand, within the Chiapas-
Tabasco domain (Figure 50b), we can see a section of the Sierra Madre de Chiapas,
which is part of the American Cordillera, a chain of mountain ranges that consists of
an almost continuous sequence of mountain ranges that form the western of North

America, Central America, and South America.

a) b)

Figure 50. Relief representation of the spatial domains in 3D. The red border indicates state
boundaries, while the black border indicates coastlines. a) Trans-Mexican Volcanic Belt section,
b) Chiapas-Tabasco, c) Los Mochis, Sin, and d) Ciudad Victoria, Tamps. The 3D models were
generated using information from INEGI (2017).
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Figure 50c shows the relief features of Los Mochis, positioned between the Gulf of
Mexico to the west and the SMO to the east. The terrain is predominantly flat, with
some peaks over 500 meters in elevation. In contrast, the domain of Ciudad Victoria,
Tamps. (Figure 50d), marks a transition between a valley region, where the urban
area of Ciudad Victoria is located, and the foothills of the Sierra Madre Oriental.

- Cloud-top Height
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Figure 51. Temporal behavior of Cloud-top Height (CtH) for the Event 02 (a; Trans-Mexican Volcanic
Belt section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09 (d; Ciudad
Victoria, Tamps).

CtH refers to the height or elevation at which the top of a cloud extends within the
Earth’s atmosphere. It is a critical parameter in meteorology and atmospheric
science because it provides insight into clouds' vertical extent and structure.

Specifically, higher cloud-top heights are directly related to heavier rainfall
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(Snodgrass et al., 2009) and have also been linked to temperature and moisture
layer heights, closely related to tropical cyclone intensity. CtH is also a key
parameter in determining thunderstorm intensity through observations of growth rate
(Castro et al., 2020).

Figure 51 presents the temporal evolution of CtH for Events 02, 05, 07, and 09. In
Event 01 (Fig.51 a), a significant increase in the CtT values typical of the formation
of a deep convective cloud is observed, which is characterized by a large vertical
development (Figure 52). On the contrary, Event 05 (Fig. 51b) shows the decay
effect of a mature cloud (or cloud cluster), with a gradual decrease in the CtH values.
Event 07 (Figure51c) shows a minimum in CtH, followed by a sudden ascent,
reaching its peak at 13,000 m. a.s.|. Meanwhile, in Event 09 (Figure51 d), a typical
pattern of deep convective activity is observed, with consistent vertical growth.
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Figure 52. Schematization of type of clouds. Source: https://www.aopa.org/news-and-media/all-
news/2016/auqust/flight-training/weather.

Figure 53 presents a 3D representation of the topography at the top of the cloud,

recorded at the time of the highest mean CtH value. The cloud tops depicted in cool
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tones indicate the possible presence of Overshooting Cloud Top (OT) formations.
OTs are dome-shaped protrusions that shoot from the top of a thunderstorm’s anvil
into the lower stratosphere (Shenk, 1974; Figure 54). These formations indicate
intense convective activity within thunderstorms and are often associated with

severe weather phenomena such as large hail, damaging winds, and tornadoes.

In Event 02 (Figure 53), three potential deep convective clouds are observed. These
formations initially develop in the foothills of the mountain range, likely due to forced

convection mechanisms. As the convective event progresses, these individual
clouds merge into a unified system.
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Figure 53. 3D Representation of the Cloud-top Height (CtH) for Event 02 (Trans-Mexican Volcanic

Belt section; a), Event 05 (Chiapas-Tabasco; b), Event 07 (Los Mochis, Sin; c), and Event 09 (Ciudad
Victoria, Tamps; d).
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- Cloud-top Pressure

During the deep convective process, warm air near the surface becomes less dense
and begins to rise (Figure 54). This rising air creates an updraft. If the air is
sufficiently moist, it will continue to rise because of the buoyancy force. As the air
rises, it cools adiabatically due to the decrease in atmospheric pressure. If the air
contains enough moisture, it will reach its dew point, causing water vapor to
condense into tiny water droplets or ice crystals. This process releases latent heat,
further warming the air and increasing its buoyancy. The process is similar to other

convection mechanisms, such as forced convection.

Figure 54. Diagram of a typical deep convective cloud. Source: https://weathertogether.net/weather-

101/convective-clouds/.

The ascent of moist air initiates a suction effect, pulling in additional parcels of moist
air while displacing dry air into the surrounding environment. Since high relative
humidity air is lighter than dry air, this process causes a pressure drop. This pressure
drop is particularly pronounced at the top of the cloud. Monitoring changes in cloud
top pressure provides valuable insight into the intensity and potential hazards
associated with convective weather systems, thereby helping to forecast severe
weather events such as thunderstorms, hail, and tornadoes.

110


https://weathertogether.net/weather-101/convective-clouds/
https://weathertogether.net/weather-101/convective-clouds/

Figure 55 presents the temporal evolution of CtP for Events 02, 05, 07, and 09. A
notable inverse relationship exists between the CtP and CtH values. This correlation
results from deriving both variables using the Cloud Top Height algorithm for the
ABI-GOES bands. (NOAA & NASA program, 2019). The ISCCP cloud classification
(Rossow & Schiffer, 1991) designates a threshold of CtP<440 hPa for the

identification of Cumulonimbus formations (Figure 11).
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Figure 55. Temporal behavior of Cloud-top Pressure (CtP) for the Event 02 (a; Trans-Mexican
Volcanic Belt section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09
(d; Ciudad Victoria, Tamps).

- Cloud-top Temperature

Initially, as warm, moist air rises due to convection, it cools adiabatically with altitude,
leading to the condensation of water vapor and the formation of cloud droplets. As
the cloud continues to develop vertically, the CtT becomes a key indicator of the
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weather system's convective strength and potential severity. In the early stages of
convective cloud formation, the cloud top temperature may be relatively warm
compared to the surrounding environment. However, as the convective updrafts
intensify and the cloud reaches higher altitudes, the CtT decreases due to the
adiabatic cooling process (Davila-Ortiz et al., 2024).

Figure 56 shows the temporal evolution of CtT for Events 02, 05, 07, and 09. Given
that both the CtT and CtP products are derived from the CtH values generated with
the ABI-GOES data, the trend of the mean temperature values follows the same
pattern as the CtP values while being inversely proportional to the CtH values.
Because of the adiabatic cooling effect, the coldest regions are directly related to the
presence of vertically developing clouds (Figure 57).
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Figure 56. Temporal behavior of Cloud-top Temperature (CtT) for the Event 02 (a; Trans-Mexican
Volcanic Belt section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09
(d; Ciudad Victoria, Tamps).

112



a) b)

Brightness Temperature 2022-288 12:51  cChis b {15102022]
e

1B TN

IMX
20.1462°N ¢ col [18;09!3318]

270

rightness Temperature 2018-261 22:22

--‘ﬁ-\___
300 / é
5, 260
280 A e |
4
19.6608°N | I/ L\\/ 230
260 240
¥ |/-/ «
! 20
19.1753"N | 240
68847 1
{220
1220

| iz
18.6899°N | 3

100.293°W 99.3237°W 98.354°W a7-3pa3wW

C} W IH Tarimarw 4237 82

26.3735°N Los Mochis IIGJDDJ’ZU'IE]I

Brightness Tempaerature 2018-261 22:47 W00
= s Cd.Wictoria, Tamps. |05/09/2022]

seroary BT 2022-248 23:46

259929°N
BN

g

Brightness q‘emnamu re (K]

BEATTN 238452°0

3

|220

g

» IRALIEN
25.2315"N - g
109 868 W 109.277°W 08 G5 W T

i

Figure 57. Cloud-top brightness temperature maps for the Event 02 (a; Trans-Mexican Volcanic Belt
section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09 (d; Ciudad

Victoria, Tamps).

In this study, it was estimated that storm clouds typically manifest when CtT values
fall below a threshold of <220 K for the Los Mochis study site and <260 K for Mexico
City (Figures 32 and 33). Notably, the temperature ranges observed in Events 02,
05, 07, and 09 predominantly fluctuated within these specified values. This finding
underscores the consistency of the CtT thresholds as reliable indicators for

identifying the onset of storm clouds at the respective locations.

Regarding the cloud-top brightness temperature map of Event 02 (Figure 57a), a
remarkable correspondence is observed with the 3D representation of CtH (Figure
53a). The simultaneous development of four convective cores at 22:22 UTC can be
observed in both cases. The regions with the highest elevation correspond to the
coldest zones observed in the other analyzed events. The relief effect is particularly
noticeable in Events 02 and 09, in which the generation of deep convective clouds

by forced convection can be inferred.
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It is imperative to highlight that the average values estimated during convective
events for CtT, CtP, CtH, COD, and TPW include all zones within the analyzed
spatial domain designated as CC (see Figure 49). This observation has significant
implications. For instance, in Event 02, shown in Figure 57, a cloud system begins
its development autonomously at the foothills of the Trans-Mexican Volcanic Belt
section and subsequently evolves into a large-scale convective event. Also
noteworthy is the entry and exit of cloud formations within the study domain due to
the advection effect. Therefore, the plots of optical and cloud microphysical variables
for this event show the study domain's general behavior instead of forming an

independent event.

The study of independent deep convective clouds requires a smaller regionalization
of the covered area or the use of conservative properties that serve as Lagrangian

tracers to facilitate the tracking of isolated storm clouds.

- Cloud Optical Depth

The COD is a measure of the ability of a cloud to absorb and scatter incoming
sunlight. Deep convective clouds often have high cloud optical depths due to their
thickness and density. The presence of large water droplets, ice crystals, and other
atmospheric particles within these clouds contributes to their high optical depth. As
sunlight penetrates through the cloud, it interacts with these particles, leading to

scattering and absorption of light.

The optical depth of deep convective clouds is influenced by several factors,
including cloud thickness, cloud water content, particle size distribution, and vertical
extent (American Meteorological Society, 2024). Optical depth is typically higher in
mature convective clouds where the concentration of particles is greater and the

cloud is thicker.

Figure 58 shows the temporal evolution of COD for Events 02, 05, 07, and 09. In the
first instance, it can be seen that all events exceeding the threshold proposed by the
ISCCP cloud classification (Rossow & Schiffer, 1991) of COT>23 are associated
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with larger vertical development clouds (considering the ABI-GOES derived product
COD as equivalent to the MODIS COT product). Similar to the previous variables,
these values represent averages over the entire simulation domain. Events 02, 07,
and 09 show the typical behavior of the formation process of a deep convective
cloud. In particular, the thickness of the cloud increases as it grows vertically (Figure
51), accompanied by an increase in moisture content, which drives a decrease in
pressure values (Figure 55). In addition, adiabatic cooling leads to cooling of the
cloud top (Figure 56).
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Figure 58. Temporal behavior of Cloud Optical Depth (COD) for the Event 02 (a; Trans-Mexican
Volcanic Belt section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09
(d; Ciudad Victoria, Tamps).

On the other hand, the COD values of Event 05 (Figure 58b), potentially indicative

of the dissipation phase of a mature cloud, present an abrupt decrease in its depth
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values from COD greater than 120 to COD = 40 by 15:00 UTC, consistent with the
estimations of CtH, CtP, and CtT.

Figure 59 illustrates the average COD maps estimated over the entire duration of
the convective event. In the case of Event 02 (Fig. 59 a), this map provides insight
into the spatial distribution of the convective cores, revealing the presence of three
distinct cores closely related to the areas of highest topographic elevation (Figure
50). In these cores, average values between 40 and 110 were estimated throughout
the event.
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Figure 59. Mean Cloud Optical Depth (COD) maps for the Event 02 (a; Trans-Mexican Volcanic Belt
section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09 (d; Ciudad
Victoria, Tamps).

In contrast, in Event 09 (Fig. 59 d), the highest mean COD values were concentrated
over the region with the highest topographic elevation, suggesting the influence of
forced convection. Conversely, for Event 05 (Figure59 b), the peak COD values
correspond to the eastern region of the simulation domain, indicating the location
where the deep convective cloud before its dissipation phase.
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- Total Precipitable Water

TPW represents the total amount of water vapor present in a vertical column of the
atmosphere if the water vapor in that column condensed and precipitated. TPW
provides valuable insight into the moisture content available for cloud development
and precipitation in the context of deep convective clouds. The TPW product also
initializes the moisture field used in numerical weather prediction models (NOAA &
NASA program, 2019).

In this study, TPW emerges as a parameter of critical importance because its
integration with historical rainfall data in this framework generates quasi-real-time
precipitation scenarios. In this sense, Figure 60 shows the estimated TPW values

for each analyzed convective event.
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Figure 60. Temporal behavior of Total Precipitable Water (TPW) for the Event 02 (a; Trans-Mexican
Volcanic Belt section), Event 05 (b; Chiapas-Tabasco), Event 07 (c; Los Mochis, Sin), and Event 09
(d; Ciudad Victoria, Tamps).
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First, Event 02 (Figure 60a) shows TPW values between 22 and 32 mm, with three
important peaks occurring after 20:00 UTC, coinciding with intensified growth rates
of COD values (Figure 59a). On the other hand, for most of Event 05 (Figure 60c),
TPW data are not detected, but in its final stages, a maximum of 40 mm is recorded.
In this case, the CtH, CtP, and CtT estimates do not show the typical behavior of a

deep convection event, although the COD values are still above 50.

Event 07 (Figure 60c), associated with Tropical Depression 19-E event (Davila Ortiz,
2019), showed significant differences in TPW values compared with those estimated
from the ML model-based framework (Figure 45a). However, both simulated events
agreed on the order of magnitude, oscillating between 55 and 60 mm, and both
simulated events approximately stopped detecting TPW values after 21:00 UTC,
although the COD peak coincided with the stage of maximum storm cloud maturity
(Figure 58). Similarly, Event 09 (Figure60d) follows this pattern, with no TPW values

recorded during the peak growth phase of the convective event.

6.3. Evolution of vertical development clouds (Velocity, Acceleration and
Energy)

Buoyancy is the upward force exerted on an object immersed in a fluid (liquid or gas)
because of the difference in density between the object and the fluid. In the context
of deep convection, buoyancy plays an important role in driving the upward motion
of air parcels within convective clouds. As air near the surface is heated, it becomes
less dense and therefore more buoyant than the surrounding cooler air. This buoyant

air parcel rises due to the buoyancy force exerted by the denser surrounding air.

As the buoyant air parcel rises, it expands and cools as a result of the decrease in
atmospheric pressure with height. If the temperature of the parcel remains higher
than that of its surroundings, it will continue to become less dense and therefore
continue to rise. This process of rising and cooling can influence the formation of

deep convective clouds.
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Within deep convective clouds, buoyancy continues to drive the upward motion of
the air parcels. As the moist air rises, it cools and condenses, releasing the latent
heat of condensation. This latent heat further reduces the density of the air parcel,
increasing its buoyancy and promoting even greater upward motion. This cycle of
rising, condensing, and releasing latent heat sustains the deep convection process,
leading to the development of towering cumulonimbus clouds and potentially severe
weather phenomena such as thunderstorms, heavy rainfall, and even tornadoes.

For these reasons, the analysis of this property along with parameters such as CtH,
CtP, CtT, COD, and TPW allows meteorologists and forecasters to gain deeper
insights into the underlying mechanisms driving convective hazards, encompassing

hurricanes and other mesoscale events.

In this proposed framework, there is a focus on estimating buoyancy within pixels
classified as CC class. This estimation involves calculating the rate and acceleration
of convection derived from the CtH values’ rate of change over 5-minute intervals.
The mathematical relationship between the rate and acceleration of convection and
Buoyancy Force is outlined below.

Considering Newton's 2nd Law:

Ll

F=m (Eq.21)

F=F +F ++F, (Eq.22)

Vector F is the resultant of the interaction of several forces. In this mathematical

derivation, several of these forces are neglected, such as the vertical pressure

gradient , (—%Z—’Z’) assuming equilibrium conditions.

., dv

Substituting Eq. 23 into Eq. 21.
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F= dv Eq.24

The velocity vector is composed of x, y, and z components.
V=1u+jv+kw (Eq.25)

The convection process occurs due to the ascend of air parcels, so only the effect

of the vertical velocity is analyzed, which is as follows:

dz
v,=w=o (Eq.26)
Substituting Eq. 26 into Eq. 24.
. dw
F= m- (Eq.27)
F dw

The term force per unit mass (assuming m=1kg) represents the Buoyancy Force (B).

=5 - % (Eq.29)

Therefore, the effect of the Buoyancy Force can be observed in the differential of the

vertical velocity vector or the acceleration in the z direction.

The buoyancy force is particularly evident in the behavior of the Rate and
Acceleration of Convection estimates (Figure 61). Across all events, an oscillatory
pattern is observed that is typical of the complex nature of the cloud formation system
detected within each simulation domain and the effect of turbulence and atmospheric

instability.

In this context, turbulence can facilitate the vertical rise of air, while at the same time
promoting mixing and dispersion, which affects the availability of water vapor for

cloud formation. However, turbulence can also contribute to cloud dispersal,
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particularly in the upper layers of the atmosphere, where it can break clouds into

smaller fragments or disperse them completely.
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Figure 61. Rate and Acceleration of Convection for the Event 02 (a, e; Trans-Mexican Volcanic Belt
section), Event 05 (b, f; Chiapas-Tabasco), Event 07 (c, g; Los Mochis, Sin), and Event 09 (d, h;
Ciudad Victoria, Tamps).
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Chapter 7. Conclusions

This study developed a quasi-real-time framework for detecting and monitoring deep
convective events based on ABI-GOES data. This framework was guided by three
key principles: using open-source software and open-access products, ensuring
automation, and scalability. Operating cyclically and autonomously at 5-minute
intervals and aligning the temporal resolution of the ABI bands, this modeling
framework represents a significant advance in deep convective cloud monitoring.
This proposal is novel as it addresses the use of ABI-GOES data to generate real-
time risk scenarios for storms and flooding, a method not covered in any previous
work. Specifically, in the case of Mexico, this type of data is not yet utilized for real-
time forecasting tasks, highlighting a significant opportunity for improvement in the

region's weather prediction capabilities.

This framework is based on the use of ML techniques with eight different models
and ensemble strategies, including LR, RF, MLP, LRstacking, RFstacking, Bagging,
Hard-Voting, and Soft-Voting. These models were evaluated at two study sites: Los
Mochis and Mexico City. These sites were selected for their intense convective
activity and high vulnerability to extreme weather events. The results for the testing
dataset indicate that relatively simple approaches such as LR or RF show promising
performance for the identification and simulation of deep convective clouds in both
study areas. achieving POD = 0.84 for Los Mochis and POD = 0.72 for Mexico City.
Simultaneously, FAR = 0.2 and 0.4 were estimated, respectively.

Furthermore, the efficacy of implementing a post-processing filter based on the
lightning incidence recorded by GLM-GOES was evaluated in order to enhance the
detection capabilities of the ML models. In this context, although the impact did not
represent a significant change for Los Mochis, a significant improvement was
observed for all ML approaches in Mexico City. This can be attributed to several
factors, including the complexity of the terrain and its atmospheric dynamics, the
potential impact of the proportion of CC and noCC classes on the overall
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performance of the models, and limitations in labeling reference events from MODIS

data.

Challenges related to the simulation of cloud edges were identified and attributed to
the limitations of pixel-based classification methods. Nevertheless, the overall
performance of most ML approaches remained commendable. Future work includes
implementing models that use contextual spatial information, such as CNNs, and
exploring unsupervised learning techniques, such as storm cloud clustering, as an

alternative to constructing labeled datasets.

Moreover, this research integrates a deep convective cloud detection framework with
multi-source precipitation data by generating dimensionless curves from historical
records at the Los Mochis study site and estimating the mean Total Precipitable
Water in deep convective clouds. This integration produces precipitation scenarios
applicable to urban flooding and river overflow analysis, hydraulic design, and
landslide risk assessment, among other applications.

The methodological framework proposed in this research, which is scalable and can
be applied to cover all of Mexico. It serves as a valuable tool for risk managers,
decision-makers, and vulnerable population sectors. It has been applied to the study
and analysis of storm cloud formation processes and their physical properties in
different regions of Mexico.

This work establishes a precedent for the implementation of an Early Warning
System (EWS) for hazards associated with intense convective activity in Mexico, a
region characterized by complex atmospheric dynamics and high vulnerability to
extreme hydrometeorological conditions. It represents a pioneering effort to bridge
the gap created by the limited severe weather monitoring infrastructure and the

highly heterogeneous distribution of ground-based sensors.

Although this framework has focused on the identification of deep convective clouds,
the estimation of precipitation scenarios derived from these formations, and the

zoning of potential flood hazard areas, the system has the potential to be
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implemented in a wide range of risk assessments, including those related to

lightning, hail, tornado generation, and even cloud seeding applications.

In summary, this dissertation contributes to remote sensing and machine learning of
meteorological parameters by providing innovative approaches to deep convective

cloud monitoring and advancing our understanding of convective hazards.
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Abstract: The presence of deep convective clouds is directly related to potential convective hazards,
such as lightning strikes, hail, severe storms, flash floods, and tornadoes. On the other hand,
Mexico has a limited and heterogeneous network of instruments that allow for efficient and reliable
monitoring and forecasting of such events. In this study, a quasi-real-time framework for deep
convective cloud identification and modeling based on machine learning (ML) models was developed.
Eight different ML models and model assembly approaches were fed with Interest Fields estimated
from Advanced Baseline Imager (ABI) sensor data on the Geostationary Operational Environmental
Satellite-R Series (GOES-R) for one region in central Mexico and another in northeastern Mexico,
both selected for their intense convective activity and high levels of vulnerability to severe weather.
The results indicate that a simple approach such as Logistic Regression (LR) or Random Forest (RF)
can be a good alternative for the identification and simulation of deep convective clouds in both
study areas, with a probability of detection of (POD) ~ 0.84 for Los Mochis and POD of = 0.72 for
Mexico City. Similarly, the false alarm ratio (FAR) ~ 0.2 and FAR ~ 0.4 values were obtained for Los
Mochis and Mexico City, respectively. Finally, a post-processing filter based on lightning incidence
(Lightning Filter) was applied with data from the Geostationary Lightning Mapper (GLM) of the
GOES-16 satellite, showed great potential to improve the probability of detection (POD) of the ML
models. This work sets a precedent for the implementation of an early-warning system for hazards
associated with intense convective activity in Mexico.

Keywords: ABI-GOES data; convective-hazard forecasting; deep convective clouds; machine learning;
quasi-real-time framework

1. Introduction

Convective hazards, which are characterized by dynamic atmospheric processes
involving the vertical movement of air masses, pose significant challenges to human
safety and infrastructure resilience. These hazards encompass a spectrum of high-impact
phenomena such as thunderstorms, wind, hail, tornadoes, lightning, and floods [1-4]. Due
to the rapid evolution and microscale variability of deep convection events, the task of
forecasting and implementing early mitigation measures becomes inherently complex. In
addition, many countries, like Mexico, lack reliable observation networks and short-range
weather forecasting systems [5].

In this context, several studies have focused on the development of algorithms for con-
vective initiation (CI) nowcasts, i.e., short-term weather forecasting that specifically focuses
on predicting the initiation and development of deep moist convective activity [6]. Con-
vective initiation nowcasts utilize various observational data, such as radar imagery (e.g.,
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the Thunderstorm Identification, Tracking, Analysis, and Nowcasting; TITAN [7]), satellite
data [1,8-10], atmospheric instability indices (e.g., [11]), numerical weather predictions
(NWP, e.g., the Corridor Integrated Weather System; CIWS [12]), and other meteorological
parameters to identify favorable conditions for the initiation of thunderstorms. For example,
the Satellite Convection Analysis and Tracking (SATCAST [13]) is a CI nowcasting expert
system that uses eight predictors, called “Interest Fields” based on infrared Geostationary
Operational Environmental Satellite (GOES) data, to forecast CI with 0-1 h lead times [14].
In this work, Cl is defined as the first detection of Weather Surveillance Radar-1988 Doppler
(WSR-88D) reflectivities > 35 dBZ produced by convective clouds and satellite-derived
atmospheric motion vectors (AMVs) for tracking individual cumulus clouds. Subsequently,
a second upgrade of this system, SATCAST version 2 (STACASTv2), was proposed by [15]
and includes object-tracking approaches used to compute temporal changes in brightness
temperature. Later additions include the integration of NWP data [12].

Recently, with the rise of ML approaches in the field of geosciences [16] and the
availability of higher-quality satellite information, several research works based on the
use of ML techniques for CI identification have emerged. For example, ref. [17] proposed
a CI algorithm that combines Interest Fields derived from GOES-R and NWP model
data. This study relied on Logistic Regression (LR) and Random Forest (RF) models
that provided better predictions than previous approaches, in addition to probabilistic
rather than binary classification predictions. Through experimentation, they validated the
performance of these CI algorithms in the United States, with a FAR of 0.1-0.18 lower than
existing deterministic CI detection algorithms for GOES (FAR ~ 0.48-0.6 [15]).

In the related literature, several researches have reported the development and imple-
mentation of CI nowcast algorithms based on ML approaches for different geostationary
satellites, such as Himawari-8 [3,18], the Communication, Ocean, and Meteorological Satel-
lite (COMS [2]), and Meteosat [19]. Other forecasting systems based on satellite data were
developed to aid in diagnosing the characteristics of the preconvective environment, and
deep moist convection are the convective occurrence (CO) algorithms. CO approaches
include modeling convective initiation/decay and advection of existing storms [14], the
0-9 h NearCast model, [9,20], object tracking techniques such as optical flow [21], and
thunderstorm occurrence (TO [22-24]).

Overshooting cloud top (OT) detection approaches consist of algorithms designed to
identify and analyze cloud formations, with a particular focus on overshooting cloud tops
(also called anvil domes and are defined as domelike clouds forming above a cumulonimbus
cloud top or penetrating the tropopause [25]). OT clouds form when strong updrafts in
thunderstorms push cloud tops above their equilibrium height (level of neutral buoyancy).
These OT cloud tops are often associated with severe weather events. OT cloud detection
approaches can be based on cloud top temperature thresholds (e.g., [26,27]), but also on
ML and Deep Learning (DL) approaches. For example, in [28], three machine learning
techniques, RE, LR, and extremely randomized trees (ERT), were used to develop OT
classification models, achieving an average POD = 0.77 and FAR = 0.36 with the RF model.
In another study, a new approach for OT detection was proposed using a Convolutional
Neural Network (CNN), reporting a POD = 0.79 and a FAR = 0.09 [29].

This study proposes a quasi-real-time framework for deep convective clouds iden-
tification and modeling based on Machine Learning (ML) models and ABI-GOES data.
The objectives of the study are first, to develop a deep convective cloud identification
framework based on three principles: the use of open-source software and open-access
products, automation, and scalability; second, to compare different ML approaches to
determine which is optimal in terms of performance and computational cost; third, to
quantify and examine relative variable importance and model contribution; and finally,
to integrate a post-processing filter based on lightning incidence to improve the ability to
detect deep convection events. The previously analyzed algorithms and approaches for
the prediction of intense convective events or the identification of deep convective clouds
were designed to integrate multi-source meteorological information, especially from radars.
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The proposed framework in this study presents an alternative for the implementation of
early-warning systems in areas with high levels of vulnerability to convective hazards in
the context of limited meteorological monitoring infrastructure.

The structure of this paper is as follows: The test zones are described in Section 2;
Section 3 presents the data and methods. The main findings and discussion are described
in Section 4. Finally, the conclusions are presented in Section 5.

2. Test Sites
2.1. Los Mochis, Sin

Los Mochis is the main city of Ahome municipality, situated in the northeastern
region of the Mexican state of Sinaloa. This city is positioned within the North American
monsoon (NAM) core domain, leading to a notable occurrence of convective activity [30-32]
and a substantial increase in summer rainfall [33]. Ref. [34] claims that the precipitation
distribution in this zone is mainly related to the deep convective cloud pattern.

Figure 1 illustrates the geographic location of Los Mochis, which is positioned between
the Gulf of Mexico to the west and the Sierra Madre Occidental (SMO) to the east. The
simulation area, comprising a grid of 50 x 50 ABI-GOES cells, is situated within the
latitudinal range of 25.25° to 26.5° and the longitudinal range of —110° to —108°. The
topography of this region is primarily flat, but there are also mountain systems at the edge
of the SMO. This region is categorized as a Hot Desert climate (BWh [35]), with a mean
annual precipitation of 335 mm, primarily concentrated during a pronounced wet season
spanning from July to September. The precipitation patterns are significantly influenced
by large-scale climatic phenomena such as El Nifio-Southern Oscillation (ENSO) and
hurricanes [36].
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'l
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Figure 1. Land surface elevation over Los Mochis, [37]. The red border corresponds to the special
simulation domain, which has a size of 50 x 50 cells.
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2.2. Mexico City

Mexico City is Mexico’s capital and largest city in the country and one of its main
population centers. It is located in central Mexico, within the physiographic province called
the Trans-Mexican Volcanic Belt, which crosses the country from the Pacific Ocean to the
Gulf of Mexico, presenting a complex topography that ranges from 0 to 5000 m above
sea level. The combination of different factors such as its latitudinal position, complex
topography, the influence of tropical cyclones, cold fronts, and easterly waves [38], and even
the effect of urbanization [39], cause this area to present intense convective activity. These
conditions are a source of convective risk associated with the presence of tornadoes [38,40],
floods [41], hailstorms, and thunderstorms [5]. In addition, socioeconomic conditions in
this area cause a high degree of social vulnerability [42].

Figure 2 shows the geographic location of the Mexican City area, (the simulation
spatial domain comprises the México and Morelos states) which is composed of a grid of
50 x 50 ABI-GOES cells and is situated within the north latitude range of 20° to 19° and
the longitude range of —99.75° to —98.5°. The mean annual precipitation in Mexico City
ranges between 621 and 1200 mm, and this zone presents a Subhumid Temperate climate

type (Cw [35]).
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Figure 2. Land surface elevation over the study area called Mexico City (however, it also takes part of
nearby territories [37]). The red border corresponds to the special simulation domain, which has a
size of 50 x 50 cells.

3. Materials and Methods
3.1. Data
3.1.1. GOES-R Advanced Baseline Imager (ABI) Data

The GOES-R series of satellite instruments provide high-resolution and rapid-refresh
observations of Earth’s atmosphere and surface. This passive imaging radiometer has
16 spectral bands, including two visible channels, four near-infrared channels, and ten
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infrared channels [43]. Eight of the 16 ABI-GOES bands were used to generate 12 predictors
based on the spectral properties of vertically developing clouds (Table 1).

Table 1. Specifications of ABI-GOES Bands.

ABI Bands Bands Name Center Wavelength ~ Temporal I.{esolution Best S.patial
(um) (min) Resolution (km)
1 Blue 0.47 5 1
2 Red 0.64 5 0.5
3 Veggie 0.86 5 1
4 Cirrus 1.37 5 2
5 Snow /Ice 1.61 5 1
6 Cloud Particle Size 224 5 2
7 Shortwave Window 39 5 2
8 Upper-Level Tropospheric Water Vapor 6.19 5 2
9 Mid-Level Tropospheric Water Vapor 6.93 5 2
10 Lower-Level Water Vapor 7.37 5 2
11 Cloud-Top Phase 8.44 5 2
12 Ozone 9.61 5 2
13 Clean IR Longwave Window 10.33 5 2
14 IR Longwave Window 11.21 5 2
15 Dirty Longwave Window 12.29 5 2
16 CO; Longwave infrared 13.28 5 2

3.1.2. GOES-R Geostationary Lightning Mapper (GLM) Data

GLM is a single-channel, near-infrared optical transient detector that can detect mo-
mentary changes in an optical scene, indicating the presence of lightning [44]. The GLM
sensor captures high-resolution images of lightning flashes, including cloud-to-ground,
intra-cloud, and cloud-to-cloud lightning. It provides valuable data on lightning strikes’
frequency, location, and intensity. A post-processing filter was generated using the presence
of lightning as an indicator of convective activity, which usually occurs during the deep
convection process.

3.1.3. Moderate-Resolution Imaging Spectroradiometer (MODIS) Data

MODIS is a passive imager mounted on both the Terra and Aqua sun-synchronous polar-
orbiting satellites. This sensor provides pixel-level retrievals of cloud-top properties and cloud
optical properties [45]. For target label generation, the variables “Cloud_Top_Preassure” and
“Cloud_Optical_Thickness” (related to the optical and microphysical properties of deep
convective clouds) from Collection 6 (C6) of MODIS products were collected. MODIS C6
introduces several improvements and refinements over the previous versions of the MODIS
data products.

3.2. Methodology
3.2.1. Preparation of Training Dataset

Combinations of the brightness temperatures (Tbs) of the eight ABI bands were
calculated to generate prediction variables called “Interest Fields” (Table 2). A wide
variety of Interest Fields are used in deep convective cloud detection algorithms, adapted
for various sensors, such as ABI-GOES [9,17], Advanced Himawari Imager (AHI [3,18]),
Meteorological Imager (MI), a payload of the COMS [2], among others. These represent
various physical properties of the cloud such as cloud-top temperature, cloud-top cooling
rate, cloud optical depth, cloud-top height, etc.
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Table 2. Summary of the input data used for the implementation of ML workflow and post-processing
filter. The initial selection of predictor variables (Interest Fields) was taken from [3].

ID Feature Names Type Sensor
CtT Cloud-top temperature (11.2 um TB) Predictor ABI
CtHO1 Cloud-top height 01 (6.2-11.2 pm) Predictor ABI
CtHO02 Cloud-top height 02 (6.2-7.3 um) Predictor ABI
CtHO03 Cloud-top height 03 (13.3-11.2 pum) Predictor ABI
CtG01 Cloud-top glaciation 01 (12.3-11.2 um) Predictor ABI
CtG02 Cloud-top glaciation 02 (8.6-11.2 um) Predictor ABI
Cloud-top glaciation 03 (8.6-11.2 .
CtG03 um)—(11.2-12.3 1um) Predictor ABI
CtCrate Cloud-top cooling rate (11.2 um time trend) Predictor ABI
Temporal changes in cloud-top height 01 .
TChCtHO01 (6.2-11.2 um time trend) Predictor ABI
TChCtHO2 Temporal changes in c.loud—top height 02 Predictor ABI
(6.2-7.3 um time trend)
Temporal changes in cloud-top height 03 .
TChCtHO3 (13.3-112 um time trend) Predictor ABI
Temporal changes in cloud-top glaciation .
TChCGo3 ((8.6-11.2 pm)~(11.2-12.3 um) time trend) Predictor ABI
LF Lightning filter Filter Array GLM
CC_labels Deep convective cloud labels Target Variable MODIS

The Interest Fields used as predictors in this study are similar to those in [3,18]. On the other
hand, using the variables “Cloud_Optical_Thickness” (COT) and “cloud_top_pression_lkm”
(CtP) from MODIS C6, the set of Target Labels was built. As criteria for the labeling of
Convective Cells (CC) within the MODIS survey, the well-established classification of the
International Satellite Cloud Climatology Project ISCCP; Ref. [46]) was selected, where
cells with values of COT > 23 and CtP < 440 mb were considered as deep convective clouds.

For the construction of the reference dataset, all MODIS images available in the
period 2018-2022 were analyzed between the months of greatest precipitation from May
to September, for the two spatial domains of interest, Los Mochis and Mexico City. The
MODIS images were cut according to the special domain of the study areas, and only
sections with a percentage greater than 30% of labeled CC were selected to build the Target
Label Dataset to avoid training the ML models with unbalanced class distribution data.

All sections were resampled with the pyresample function (python package for resam-
pling geospatial image data) to homogenize them with the spatial domain of the Interest
Fields, which has a size of 50 x 50 cells in both domains (Figures 1 and 2). The training
dataset for Mexico City was generated with 24 reference events (60,000 examples), while
the test dataset had 31 events (77,500 examples). On the other hand, for Los Mochis, 6
(15,000 examples) and 8 events (20,000 examples) were used for the training and testing
datasets, respectively.

3.2.2. Machine Learning Approaches

In this study, eight different ML approaches are compared (Table 3), such as LR, RF,
and Multi-layer perceptron (MLP), which are widely used in convective-hazard forecasting
(e.g., [14,17,22,47,48]), along with ML approaches based on Ensemble Learning techniques
(i.e., a group of predictors, called an ensemble, are trained together to improve predictive
ability; Figure 3). All ML models, assembly strategies, metric estimation, and prepro-
cessing methods were taken from scikit-learn, a free software ML library for the Python
programming language (https:/ /scikit-learn.org/stable/, accessed on 5 December 2023).
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Table 3. Machine Learning Approaches. This work compares the performance of ML approaches: LR,
RF, MLP, Bagging, LRstacking, RFstacking, Hvoting, and Svoting. DT and SVM have been used as
assembled predictors for Stacking and Voting.

Modeli/?;if;ssemble Approach Abbreviation
Logistic regression Single model LR
Decision tree Single model DT
Support vector machine Single model SVM
Multi-layer perceptron Single model MLP
Random Forest Ensemble model RF
Bagging (Logistic regression) Ensemble model Bagging
Stacking (Logistic regression) Ensemble model LRstacking
Stacking (Random Forest) Ensemble model RFstacking
Hard Voting Ensemble model Hvoting
Soft Voting Ensemble model Svoting
Ensemble ML Models
(A) Training Dataset (B)
Smooomoo | maining Dataset |
EONEEOEE
EO0EOEOO

| LR | | DT | | RF | |svrv|| |MLP| Classifiers

| Iuluim] |
EOmO0O

+ ' ' ' +
Bootstrapping
Classifiern Predictions
| | | | |
¥

Predictions

Hard/Soft Testing
Voting Dataset
Testing
Dataset
Final prediction

Hard/Soft
Voting

Final prediction

(C) Classifiers

{1
Testing Dataset
— o7 |-
M
P

Training Dataset II I RF

Meta Classifier

LR/RF
_“— Final prediction
o

Figure 3. Diagram of ensemble ML methods. (A) Bagging, (B) Voting, (C) Stacking.

e  Logistic regression
LR is a statistical model used to predict a binary variable (here, CC or noCC) from one
or more independent variables or predictors [49]. The LR formula is given using

1

E(Y) = 1 +exp[—(,30+):;c=iﬁjxj)}

)

where E is the expected value of the dependent variable Y, which has values of 0 and 1,
equivalent to noCC and CC, respectively; k is the number of predictors; and X; is the value
of the j th predictor. The parameters fy,..., B; are linear coefficients or weights for the
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predictor variables. Despite its simplicity, LR performs well in several real-world problems,
including nonlinear problems in atmospheric science such as convection [23].

e  Decision Tree

A DT is a non-parametric supervised learning method used for classification purposes.
The goal is to generate a model that predicts the value of an independent variable by
learning simple decision rules inferred from the data features [50]. Additional examples of
convective-hazard forecasting with DT are the works of [2,51].

e  Support Vector Machine

Developed by [52], SVM is a versatile supervised ML algorithm used for classification
tasks. SVM works by finding an optimal hyperplane in a high-dimensional feature space to
separate different classes of data points. The margin, which is the distance between the
hyperplane and the nearest data points of each class (called support vectors), is found by
minimizing the norm of the weight vector. Once the hyperplane is determined during the
training phase, SVM can classify new, unseen data points by placing them on one side or
the other of the decision boundary.

SVM is widely used in various convective-hazard forecasting applications, for example,
in tornado prediction [53,54] or convective thunderstorm forecasting [47,55,56].

e  Multi-layer perceptron

A MLP is a type of artificial feedforward neural network (ANN; the first conceptual
model of an artificial neural network was developed by [57]) and consists of three kinds
of layers of interconnected nodes called neurons. The layers that conform to the MLP
have specific functions that allow the model to learn complex non-linear relationships
between the input and output variables. These are the input layer, which receives the raw
input data, so its number of neurons depends on the number of features or predictors. On
one or more hidden layers is where the extraction of relevant features and the learning of
complex patterns are performed. Finally, in the output layer, the observations are classified
according to their class probability. In this case, the output layer has two neurons, because
it is a binary classification task between CC and noCC.

MLPs have been widely used in several convective-hazard and precipitation fore-
casting studies (e.g., [58,59]); however, the application of Deep Neural Network architec-
tures has been preponderant recently in this domain, i.e., Deep Neural Networks (DNN;
e.g., [4,60,61], Recurrent Neural Networks (RNN; e.g., [62,63]), and CNN (e.g., [29,64,65])
are the most common). The implementation of Deep Learning techniques in deep convec-
tive cloud research will be addressed in later sections.

e Bagging and Random Forest

Bootstrap Aggregation, better known as the Bagging method, is a technique used to
improve accuracy, reduce variance, and avoid overfitting by combining the predictions of
multiple models trained on different subsets of the training data created through bootstrap
sampling, where data points are randomly selected with replacements. (Figure 3a [66]).
When sampling is performed without replacement, it is called pasting [67,68].

RF is a nonparametric ensemble model based on the consensus of a collection of DTs
on different bootstrap samples. The outputs of the individual trees are then aggregated
through voting to make the final prediction. Along with LR, RF is one of the most widely
used ML models in issues related to convective-hazard forecasting, mostly because of its
ability to capture non-linear association patterns between predictor and predictand, such
as a convective storm system or precipitation [69]. Examples of RF applications in the
literature are the works of [2—4,17,22,28,47,48,70-72].

In this study, two Bagging approaches were implemented, RF, and a Bagging method
that used LR as the predictor in the bootstrap samples instead of DT (henceforth referred to
as Bagging; Table 3 and Figure 3). The number of subsets of the training data corresponding
to the number of estimators for RF was determined using a hyperparameter analysis for Los



Remote Sens. 2024, 16, 675

9 of 27

Mochis and Mexico City datasets. In the case of Bagging, the default number of estimators
(represented with the parameter n_estimators) in the scikit-learn library was set to 10.

e Voting

The voting method refers to an assembly strategy used to make predictions by integrat-
ing the collective predictions of multiple models or classifiers that are trained independently
and in parallel on the same dataset. This technique aggregates the prediction of each classi-
fier (here LR, DT, RF, SVM, and MLP; Figure 3b) and predicts the class that receives the
most votes. This majority-vote classifier is called a hard voting classifier (Hvoting), other-
wise, it is a soft-voting classifier (Svoting), where the class with the highest averaged class
probability is selected as the final prediction [68]. Voting mitigates the impact of individual
model biases and errors, leading to improved overall accuracy and robustness. For instance,
the work of [3] found that majority voting effectively removed salt-and-pepper noise in its
results for Convective Initiating objects predicted with DT and RF.

e  Stacking

Also known as stacked generalization or stacked ensemble, this technique is used to
combine predictions from multiple models to improve overall performance [73]. In this
assembly strategy, the aggregate models called base models (LR, DT, RF, SVM, and MLP;
Figure 3c) are used according to their weights to produce an output that is taken using a
Meta-Classifier as the input. Each prediction from the base models becomes a new feature
in the Meta-Classifier Dataset. The main purpose of the stacking method is that the Meta-
classifier learns to combine the predictions of the base models optimally, leveraging their
individual strengths. In this work, LR and RF were used as Meta-Classifiers, because both
models reported the best performance metrics individually (LRstacking and RFstacking).

3.2.3. Machine Learning Process

In order to compare the performance between the different ML approaches, they were
trained and tested with the same dataset configuration for each of the test sites. Before
training and testing each of the ML approaches, a feature importance analysis or relative
variable importance analysis was performed to estimate the degree of contribution of
each of the interest fields in the prediction stage. In this context, RF and LR provide the
relative importance of input variables when developing models such as attribute usage,
Mean Decrease Impurity (MDI), and the absolute value of weighting coefficients, respec-
tively [3]. In particular, feature importances of RF are provided by the fitted attribute
feature_importances_ (of the scikit-learn python library). This approach evaluates the
importance of each feature by measuring how much it contributes to reducing impurity,
specifically Gini impurity, as part of the iterative process of feature-based splitting. The
relative feature importance analysis helps to reduce dimensionality, improve model effi-
ciency, and mitigate the risk of overfitting from the selection of predictor variables with the
highest degree of contribution to the identification of the CC class. A lower dimensionality
dataset improves model performance by removing noise from lower weight attributes,
while computational costs are substantially reduced. In this sense, Los Mochis and Mexico
City datasets were delimited by reducing to six the number of features used as predictor
variables. For this task, the predictor selection criteria were the values with the greatest
relative variable importance in LR and RE.

After selecting the predictors and scaling the data, hyperparameter tuning was per-
formed using GridSearchCV, a function provided by the scikit-learn library that performs
an exhaustive search over a specified parameter grid to find the best combination of hyper-
parameters for a machine learning model. In this work, the cross-validation strategy was
used during the hyperparameter search which selected 5 k folds. The resulting optimal
hyperparameter values are presented in Table 4. Finally, the performance of the models
was evaluated using various accuracy metrics.
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Table 4. The hyperparameters of LR, RF, and MLP were tuned using the cross-validation strategy.

Hyperparameter Los Mochis Mexico City
Norm of the penalty (LR) L2 L2
The inverse of regularization strength (LR) 0.01 0.01
Solver (LR) liblinear newton-cg

Maximum depth of the tree (RF) 2 5

Number of trees in the forest (RF) 500 100
Random split predictor variables (RF) 1 1

Number of neurons in the hidden layer
(MLP) 10 100
Solver (MLP) sgd Adam

3.2.4. Workflow and Implementation

A quasi-real-time modeling framework was designed by considering the following
three principles: the use of open-source software and open-access products, automation,
and scalability (Figure 4). Regarding the principle of using only free-access products, all
processes and the workflow were implemented with Python 3.8 programming and were
designed using ABI and GLM products from GOES R as inputs.

R Downloader CMIP Geographical
e (5 min) data Projection
v
- R X Geometric
Domain Extraction H Interest Fields |<- Correction
START
Zone 1 Zone 2 Zone n Downloader
PR P pep—— :
4 A 4 \‘ / A 4 \‘ / A 4 \‘ (5 mm)
I I Standardization | I 1 I Standardization II I | Standardization | I
: i ! I : I
ML | A4 I 1 v . LXEE | A4 I
workrLow | [—TL_Fitted ML Model [ T_Fitted ML Mogel II——|>| Fitted ML Model | :
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Y Y
| | |
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\ Iy ! \ !
D [ - 7’ R s’ v
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No

Cloud
Detection

Cloud Mapping J_

Figure 4. General scheme of the framework for identifying and monitoring potential convective

events in quasi-real time (5 min). The ML approaches that are applied in the ML process are selected
based on their performance parameters during the training and testing phases at each study site.
CMIP: Cloud and Moisture Imagery.
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The workflow runs cyclically and automatically every 5 min, corresponding to the
temporal resolution of the ABI bands, and it begins with the download of ABI and GLM
information from Amazon Web Service (AWS) S3 Storage (https:/ /registry.opendata.aws/
noaa-goes/, accessed on 5 December 2023) using Boto3, the AWS Software Development
Kit (SDK) for Python. Concerning scalability, this novel methodology contemplates spatial
extrapolation to the entire country of Mexico, following the principles of open access and
automation, due to the availability of modeling inputs within the entire territory. However,
for the training and testing phase of the ML models, zones with a homogeneous convective
behavior must be delimited.

The spectral information that this framework is fed with (Table 1) is found in the GOES
level 2 product, Cloud and Moisture Imagery (CMIP), which contains the information of
the geostationary ABI bands in a NetCDF file [74]. Applying the parameters and attributes
of the ABI instrument specified in the NetCDF file, projection to a mapping spatial domain
is performed. Subsequently, the Interest Fields are calculated and spatial extraction of the
study domains is performed.

In the second step, the pipelines (i.e., assembly of sequential data manipulation
operations) of preprocessing and modeling are fed with the Interest Fields. Previously, at
each site of interest, the models were trained and tested based on the creation of a set of
reference historical events. When the optimal models and hyperparameters, as well as the
significant variables that will be used as predictors, are identified, these configurations are
stored in a pipeline (dashed red border Figure 4). The processing pipeline considers the
scaling phase of the predictors from the StandardScaler method. The pipeline methods
were taken from scikit-learn.

Pipeline outputs are mapped using the Python Matplotlib Basemap Toolkit library,
which displays the geospatial information. A lightning incidence-based post-processing
filter is additively integrated to identify potential deep convection zones not detected by
ML models. The process runs iteratively again after 5 min.

3.3. Post-Processing Lighting Filter

To strengthen the output of the models, a post-processing lightning incidence-based
filter has been integrated into the CC identification and monitoring framework. According
to [2], the presence of lightning is a reliable indicator of intense convective activity typical
of storm cloud formation environments. Several studies related to the detection of deep
convective clouds include lightning data [3,22-24,64,75,76].

The GLM GOES data are used to generate a lightning matrix that is additively inte-
grated into the output of the ML models to increase the probability of detection (POD) of
the models. The GLM variable “Event” was selected, which represents the occurrence of
a single-pixel exceeding the brightness detection threshold during one ~2 ms frame [77].
These products contain geospatial information on the incidence of lightning with a tempo-
ral resolution of 20 s. In this framework, the density or number of lightning strikes is not
considered, and only the presence or absence of the meteor is taken as an indicator of CC.
From the spatial location where the lightning is detected, an algorithm based on Euclidean
distance (Equation (2)) is applied to associate it with the nearest cell center of the spatial
domain of the Interest Field.

Distance ;1 ce) = \/ (Longitudec, — Lor1gitudeLI)2 + (Latitudece — Latituder)*  (2)

where Ce is the cell center of the Interest Field spatial domain and LI is the coordinate
where the Lightning Event was registered. In addition, a 3 x 3 cell buffer was designated
around the CC cell identified from the lightning filter (Figure 5).
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Figure 5. Schematization of the Lightning Filter generation process. When the presence of a Lightning
Event is identified from the GOES GLM data accumulated in 5 min within the site of interest; it is
associated with a cell of the model special domain, using its distance from the nearest cell center as
the criterion assignment. The Lightning Cell (LC) together with a buffer of one cell per edge (BC) (A),
are labeled as Convection Cells (CC) and are integrated into the output matrix (B) of the ML models.

3.4. Accuracy Metrics

To assess the performance of the different ML approaches, well-known classification
metrics were calculated from the confusion matrix, including the Probability of Detection
(POD), False Alarm Ratio (FAR), Critical Success Index (CSI), Total Classification Accuracy
(Acc), Bias (BIAS), Precision, F1 Score (F1), and Intersection Over Union (IoU):

POD = Tpiippz\r ©)
FAR = FPTTP @

CSI = % (6)
Ace=Tp ;Ilz]_:];]]\)]+ FN (©)
BIAS = % )
Precision = 7,”37:51: P 8)
=2 0 g
IoU = ﬁ (10)

where TP is the number of CC pixels that were correctly classified as CC (i.e., true positives),
FP indicates the number of CC pixels that were incorrectly detected as CC (i.e., false
positives), FN is the number of CC pixels that were incorrectly marked as noCC (i.e., false
negative), and TN is all the remaining pixels that were correctly classified as noCC.

4. Results and Discussion
4.1. Selection of Interest Fields

Table 5 shows the Interest Fields selected according to their relative variable impor-
tance for CC cell detection with the LR and RF models for Los Mochis and Mexico City.
In both study areas, according to the principal component analysis (PCA), the number of
principal components that collectively explain 95% of the total variance in the datasets
was five, which means that the dimensionality of the datasets is potentially reduced to
five components while still retaining a significant amount of information from the original
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dataset. Here, the first five Interest Fields with the highest weighting coefficients in LR and
highest MDI values in RF were selected. In both cases, the Interest Fields with the highest
degree of contribution in the detection of CC cells coincided with four predictor variables,
CtT, CtH01, CtH02, and CtHO03. Accordingly, the dimensionality of the original datasets
was reduced from 12 to 6 components.

Table 5. Interest Fields were used as predictor variables after the feature importance analysis, for Los
Mochis and Mexico City datasets.

Los Mochis Mexico City
CtT CtT
CtHO1 CtHO1
CtHO02 CtHO02
CtHO3 CtHO3
CtG01 CtG01

CtG03 TChCtHO03

The Interest Fields that recur in both models and zones are the most significant for the
detection of deep convective clouds. For example, the Interest Field CtT, corresponding
to the values of cloud-top temperature detected using the ABI-GOES 14 channel (11.2 pm
TB), is one of those with the highest degree of contribution in both study sites, because
the temperature at the top of the cloud is cooler than the surrounding environment being
a typical property of deep convective clouds. During the convection process, this type
of cloud reaches significant altitudes to regions where the atmospheric pressure is lower,
giving way to the adiabatic cooling process, where the rising air expands and cools as it
moves upward through the atmosphere [78], resulting in the temperature at the top of the
cloud presenting significantly lower values. CtT is the Interest Field with a high degree of
importance that is recurrent in other works; for example, Refs. [3,17,18] reported that CtT
greatly contributed to the identification of Convective Initiation event (i.e., the probability
that a given cumulus cloud object will develop into a >35-dBZ-intensity radar echo at
—10 °C altitude [9]). In addition, in [28,79], CtT was identified as the most contributing
variable to overshooting convective cloud tops’ (OTs) classification using RF and LR models.

The following Interest Fields in order of importance are CtH01, CtH02, and CtHO3.
These spectral differences between ABI-GOES channels provide information on cloud-top
height (cloud depth [3]). Similar to CtT, CtHO1 is one of the variables with a higher degree
of contribution in the detection of CC cells. This Interest Field is used to determine lower
stratospheric moisture, and it is positive when water vapor is present above the cloud tops,
which is an indicator of the presence of OTs [28]. For the glaciation indicators, only CtGO01
was determined as one of the most significant variables.

Despite the time trend variables proposed as Interest Fields providing information
on the rate of vertical cloud-top growth, in general, these variable predictors resulted in
relatively lower contributions in both LR and RF models (except TChCtHO03 in the Mexico
City site).

The distribution of Interest Fields selected after feature importance analysis for Los
Mochis and Mexico City are shown in Figures 6 and 7, respectively. CC and noCC sets
are statistically differentiable in the six selected Interest Fields (which improves the clas-
sification task in the ML models) for the Los Mochis area. For the CC class, there are
extremely small Inter Interquartile Ranges (IQRs) with a median close to 0 in the case of the
spectral difference fields, and in that sense, ref. [28] claims that as a cloud reaches its local
equilibrium level or the height of the tropopause, all channel differences will be almost
zero. On the other hand, with the noCC class, the data distribution is much broader. In the
case of the cloud-top temperature (CtT) field, the cells present higher values because the
tops of the deep convection clouds are colder due to adiabatic cooling. In the case of the
spectral difference fields, these mostly present negative values.
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Figure 6. Box plots of input variables generated based on the reference data used for CC detection

models, for Los Mochis. The predictor dataset was reduced from 12 input variables to 6 after

analyzing the features in the LR and RF models. The number of classes labeled as CC is 24,116 and
noCC is 10,884.
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Figure 7. Box plots of input variables were generated based on the reference data used for CC

detection models, for Mexico City. The predictor dataset was reduced from 12 input variables to 6
after analyzing the features in the LR and RF models. The number of classes labeled as CC is 57,833
and noCC is 79,667.

For the case study of Mexico City, overlapping distributions can be seen in the boxplots
of the selected Interest Fields, which are reflected in the performance metrics of the ML
models, which are notably lower than the metrics in the case of Los Mochis (Section 4.2).
However, the general trends are preserved, and the CtT values are lower for the CC class;
moreover, in the spectral difference fields of both height and glaciation, the noCC values
are lower. Concerning the IQRs of the predictors, the distributions are more balanced
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for both classes, which, together with the distribution overlap, allows us to infer greater
complexity in the modeling of CC events than at the Los Mochis site. Returning to the
CtT Interest Field, its high degree of contribution to the detection of the CC class has been
clearly shown, and cells with lower temperature values are associated with the presence of
potential storm clouds. In this context, ref. [80] lists some cloud-top temperature thresholds
reported in studies related to the identification of deep convection clouds, for example,
241 and 221 °K [81], 221 °K [82], 225 °K [83], 255 and 206 °K [84]. Here, it was estimated
that storm clouds manifest at a CtT threshold of <220 °K for the Los Mochis study site and

<260 °K for Mexico City.

4.2. Performance and Validation of Detection Models

Each ML approach was evaluated on the basis of six performance metrics that indicate
each model’s ability to detect convective cells, false alarm rates, etc. The effect of a post-
processing filter based on lightning incidence was also evaluated. Figures 8 and 9 show the
results for datasets corresponding to Los Mochis and Mexico City, respectively.
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Figure 8. Assessment results of POD, FAR, Acc, BIAS, CSI, and F1 metrics for the ML approaches
using Los Mochis test dataset. Each vertex of the graph corresponds to an ML approach, the blue

lines correspond to the performance results of the ML models (ML), and the red lines show the results

integrating the Lightning Filter (ML + LF).
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Figure 9. Assessment results of POD, FAR, Acc BIAS, CSI, and F1 metrics for the ML approaches
using the test dataset in Mexico City. Each vertex of the graph corresponds to an ML approach, the

blue lines correspond to the performance results of the ML models (ML), and the red lines show the
results integrating the Lightning Filter (ML + LF).

For the Los Mochis site, there is a small difference between the results of the ML
approach (ML series) and those with the integrated post-processing filter (ML + LF). In
this regard, the ability of the models to detect the CC class, represented by the POD metric,
presents values close to 0.8, while the false alarm ratio (FAR) in all the ML approaches is
lower than 0.2. This means that the presence of potential deep convection events can be
efficiently detected without the need to integrate the lightning incidence data. However,
this does not indicate that the presence of lightning is uncommon in this zone; on the
contrary, Ref. [85] reported a significant lightning strike density in northeastern Mexico.
The region with the highest presence of lightning activity is in the narrow strip between
the Sierra Madre Occidental and the Gulf of California, with a maximum in the months of
July and August, corresponding to the dates used to construct the datasets of this research
work. In addition, the presence of lightning strikes from the GLM-GOES was detected in 8
of the 14 images used to construct the training and test datasets.
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Nevertheless, the Mexico City site shows significant changes when the Lightning
Filter is integrated, especially favoring the POD, CSI, and F1 metrics. For example, the
highest value was POD = 0.68, obtained using RF, which increased to POD = 0.72 after
post-processing. The second-highest POD was achieved with LR, which increased from
POD = 0.63 to POD = 0.7 with the integration of the Lightning Filter. Comparatively to
the Los Mochis dataset, in Mexico City the integration of GLM data significantly improves
the system’s ability to detect the CC class in all ML approaches because lightning strike
incidence is a reliable indicator of a deep convection event generation, and, like the Los
Mochis site, this zone has intense lightning activity. In addition to POD, the CSI and F1
metrics increased in ML approaches with lower overall performances, such as LRstacking
and Soft-Voting. On the other hand, LF has a negative impact on the BIAS metric, increasing
the values above the optimum of 1. This metric ranges from 0 to infinity and allows us
to assess whether the forecasting method tends to underestimate the CC (BIAS < 1) or
overestimate it (BIAS > 1 [86]). In this sense, this metric, by presenting values greater
than 1 when integrating the Lightning Filter, could reveal one of the limitations of labeling
convective cells with the MODIS sensor, which has a lower resolution than the ABI-GOES
products, since there are areas labeled as noCC that present lightning activity that clearly
indicates the generation of a convective environment. Therefore, in future work, it will be
proposed to include unsupervised learning approaches that simplify the task of generating
a reference set with another sensor.

Overall, for the Los Mochis dataset, no significant differences were found between
the use of model ensembles and simpler approaches such as LR, which is consistent
with the findings of [17,23,28], who reported that this model is a robust alternative for
convective-hazard modeling and detection. In contrast, for the Mexico City dataset, signifi-
cant differences in the performance of each ML approach were observed. These differences
are variable for each metric, but it is perceivable that LRstacking, RFstacking, and Soft-
Voting are the ML approaches with the poorest performances. Instead, for all six metrics,
LR, RE, MLP, Bagging, and Hard-Voting showed similar performance.

Regarding the POD values, ultimately, the acceptable level of POD may vary depend-
ing on the specific goals and requirements of the forecasting or detection system. However,
a high POD may be necessary to minimize the risk of missing hazardous events. In this
sense, for the Los Mochis dataset, the highest value was POD = 0.84, while in the Mexico
City dataset it was POD = 0.72, with both estimated with LR after post-processing filtering.
In this context, Refs. [28] and [29] report performances of POD = 0.77 and POD = 0.79,
respectively, in their work on Ots” detection, while [3] and [2], who studied CI detection,
obtained values of POD ~ 0.8 and POD > 0.7. Other examples are [87] with their proposed
pre-convective-environment alerting and monitoring system, which obtained a POD be-
tween 0.66 and 0.7; on the other hand, [88] with his convective storm nowcasting based on
CNN, POD values were close to 0.7.

The FAR metric provides information about how often the classifier makes incorrect
positive predictions when it should not. In the case of Los Mochis, the FAR values were
below 0.2, and these indices did not show significant variations among the different ML
approaches, with values between 0.16 and 0.18. In contrast, in Mexico City, significant
variations were observed, with the highest values being LRstacking and RFstacking with
FAR = 0.51. For the rest of the ML approaches, it can be seen that LF increased the number
of false alarms, but to a lesser extent. For example, for LR, a change from FAR = 0.40 to 0.42
was estimated, whereas for RF, the change was from FAR = 0.41 to 0.43. In the literature,
FAR values vary significantly depending on the type of convective forecasting performed.
For example, [28] and [29] reported FAR values = 0.3 and 0.09, whereas [89] obtained FAR
values between 0.01 and 0.18. For CI detection, ref. [2] estimated FAR values between 0.46
and 0.83; [3] a FAR ~ 0.2; in [17] the FAR ranges between 0.22 and 0.36; and in [18] 0.46
to 0.37.

Accuracy provides an overview of how effective a model is at correctly classifying
samples. In the Los Mochis dataset, there are no significant differences between the Acc
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values of the ML approaches, which generally have values slightly higher than 0.7. In this
case, the addition of LF increases the Acc value, but not substantially. In Mexico City, the
lowest values were recorded for LRstacking and RFstacking with Acc = 0.62, while LR,
RF, Bagging, and Hard-Voting had Acc values of 0.7. This metric is susceptible to bias in
datasets with class imbalance because it does not consider the distribution of classes in the
dataset. Therefore, it is important to complement the performance analyses of the models
with other performance metrics. Here, the Acc values between Los Mochis and Mexico
City were more similar than the other metrics because there was more class imbalance
in the Los Mochis (CC class = 69%, noCC class = 31%) than in the Mexico City dataset
(CC class = 42%, noCC class = 58%).

BIAS is another common metric in studies related to the detection of convective events
(e.g., [86]), as well as in the forecasting of convective hazards such as lightning strikes
(e.g., [24]) because it evaluates whether the forecast method tends to underestimate or
overestimate the CC occurrence. The estimated BIAS values for Los Mochis range from
0.97 to 1.03, showing a relatively good performance in terms of false alarms and misses. In
contrast, in Mexico City, there is an important variation between the ML approaches, with
values up to BIAS > 1.15 for RF, which increases to BIAS > 1.25 after LE. The analysis of
different metrics allows for the evaluation of the forecasting framework proposed in this
study. In this sense, the integration of data from the GLM increases the overestimation
rate of the CC class concerning the reference target dataset, but it favors the ability of the
system to detect the occurrence of CC.

CSI measures the accuracy of a forecast in predicting the occurrence of a specific
event (e.g., severe thunderstorms) relative to observations. It is particularly useful in
situations where false alarms or missed events can have significant consequences, such
as severe weather forecasting. For Los Mochis, the dataset values close to 0.7 have been
found; therefore, a CSI value greater than 0.7 indicates a good classification model. This
means that the model is reasonably accurate in identifying positive cases while minimizing
false alarms and misses. The CSI results for the Mexico City dataset range between 0.4
and 0.5, with a slight increase after LE, which is higher for the worst-performing metrics
such as LRstacking, RFstacking, and Soft-Voting. A CSI between 0.4 and 0.7 indicates a
moderate level of success in the classification task. Although the model makes correct
positive predictions, there is scope for enhancement in reducing false alarms.

Regarding the F1 metric, a high F1 score (closer to 1) indicates that the model has
high levels of precision and recall. In other words, it correctly classifies positive instances
while avoiding false positives and false negatives. From the performance of Los Mochis, it
can be concluded that all ML approaches can correctly classify positive cases, controlling
false positives and false negatives. Similar to the CSI metric, in the Mexico City dataset,
the post-processing LF improves the F1 score of the models with the lowest performance,
whereas in the ML approaches, LR, RF, MLP, Bagging, and Hard-Voting, F1 values are
estimated at F1 = 0.63.

Figure 10 presents the Receiver Operating Characteristic (ROC) curves for the ML
approaches for the Los Mochis and Mexico City datasets. The ROC curves demonstrate
the trade-off between sensitivity and specificity at different threshold values. A classifier
with a curve closer to the upper-left corner indicates superior performance because it
achieves high true-positive rates while maintaining low false-positive rates. For Los Mochis,
homogeneous behavior was observed among the ML approaches, except for RFstacking,
which showed a lower discrimination capacity. The area under the ROC curve (AUC) values
is higher than 0.7, which means that, in general, the ML approaches have an acceptable
discrimination capacity between classes. In the case of Mexico City, the ROC curve analysis
revealed that LR, RE, MLP, Bagging, and Hard-Voting consistently outperformed the other
classifiers across various threshold values. Their ROC curves exhibit a steeper ascent,
indicating better discrimination between CC and noCC cases. This result suggests that
these ML approaches are well suited for CC detection in this particular dataset. However,
it is essential to consider the information provided by the other metrics.
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Figure 10. ROC curves and AUC values for the predictions obtained with LR (black), RF (red), MLP
(brown), LRstacking (blue), RFstacking (cyan), Bagging (magenta), and Svoting (light green), for
Los Mochis (A) and Mexico City (B). These ROC curves provide a comparison of the sensitivity and
specificity of each ML approach, at different discrimination thresholds.

Examples of a deep convection event simulated from each ML approach for Los
Mochis and Mexico City are shown in Figures 11 and 12, respectively; this comparison
allows for a qualitative evaluation of the performance of each model, while the IoU metric
indicates the overlap between the predicted regions and the ground truth (Table 6).
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Figure 11. IoU maps of the Los Mochis 2018-227—18:00 event (15 August 2018) generated with the
reference labels and simulations of the eight ML approaches LR (A), RF (B), MLP (C), Bagging (D),
LRstacking (E), RFstacking (F), Hvoting (G), Svoting (H), and cloud-top brightness temperature map
of the same event obtained from the ABI Band 14 (I). In general, it is observed that all the models
underestimate the edge of the cloud, except LR, which presented values IoU = 0.86 and POD = 0.8.
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Table 6. IoU metric results for the Los Mochis 2018-227—18:00 and Mexico City 2019-247—20:10
(4 September 2019) events for each ML Approach.

Event LR RF MLP LRstacking RFstacking Bagging Hvoting Svoting
Los Mochis
2018-227—18:00 0.86 0.76 0.56 0.44 0.62 0.67 0.65 0.65
Mexico City 053 051 051 041 0.42 053 052 045
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Figure 12. IoU maps of the Mexico City 2019-247—20:10 event generated with the reference labels
and simulations of the eight ML approaches LR (A), RF (B), MLP (C), Bagging (D), LRstacking (E),
RFstacking (F), Hvoting (G), Svoting (H), and cloud-top brightness temperature map of the same
event obtained from the ABI Band 14 (I). The outputs of LR, RE, MLP, Bagging, and Hvoting are
consistent with each other, showing a significant overestimation at the edge of the CCs. On the other
hand, the outputs generated with LRstacking, RFstacking, and Svoting are extremely noisy, especially
at the boundary of the clouds.

In the case of Los Mochis, the simulation of the event that occurred on 15 August
2018 shows a tendency to underestimate the total area of the deep convective cloud at
the cloud edges, with the exception of LR where the IoU = 0.86 values are the highest
recorded. The presence of false-negative pixels at the cloud edge indicates the difficulty
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of simulating this transition zone where cloud properties estimated from ABI-GOES data
become diffuse. Therefore, future work will consider adding an additional transition class
between CC and non-CC. In most ML approaches, except RE, a convective core is simulated
in the lower-right part of the simulation domain that does not match the reference labels
for this event, which could be related to a better ability to detect deep convection events
from AGI-GOES data than from MODIS.

The ensemble models LRstacking and RFstacking show the worst performance, with
values IoU = 0.44 and IoU = 0.62, respectively. In these ML approaches, a pronounced
salt-and-pepper effect is observed, which usually occurs in pixel-based classification tasks
when no contextual spatial information is provided [90]. This pattern is also present in the
simulated event for Mexico City (Figure 12), where LRstacking, RFstacking, and Svoting
also show this effect, which is related to the low-performance metrics of the test dataset.
In this event, two well-separated clouds can be seen forming over the areas of higher
topographic elevation, which, in addition to the presence of nuclei with lower cloud-top
temperature, allows us to infer that its formation was due to a forced convection process.
However, as in Los Mochis, all models show difficulties in simulating the edge of the
clouds, with the difference being that, in this case, the areas of both convective clouds are
overestimated with the presence of false-positive pixels.

As in the previous case, this area of opportunity can be addressed by adding an addi-
tional transition class or using alternative approaches that maintain the spatial structure,
such as Convolutional Neural Networks (CNN) or other spatially aware models.

4.3. Computational Costs of ML Approaches

Figure 13 presents a comprehensive evaluation of the computational costs associated
with the eight ML approaches in Los Mochis (Figure 13a) and Mexico City (Figure 13b).
The assessment considers both computing time and memory usage to provide insights
into the efficiency and resource requirements of each model in a standardized computing
environment to ensure consistency.
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Figure 13. Computational costs chart for each ML approach corresponding to Los Mochis (A) and
Mexico City (B). The right axis indicates the total simulation time, and the left shows the amount of
memory usage.
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For Los Mochis, the results revealed notable variations in computational costs across
the evaluated ML approaches. RF and Bagging demonstrated efficient computing times
but consumed higher memory, emphasizing their resource-intensive nature. LR and MLP
presented balanced trade-offs between time and memory. In this case, in particular, the
ensemble models imply a higher memory usage due to their higher degree of complexity,
but this trend does not hold in the computational time section, where LR, RE, and Bagging
were the ML approaches with less time consumption, and with a low significant variation.

In Mexico City, Hard-Voting showed a longer computation time compared to the other
ML approaches; it is important to add that the omission of SVM in Soft-Voting reduces
the computation time compared to Hard-Voting. In Los Mochis, RF showed efficient
computation times but consumed more memory, while, LR, RE, and Bagging showcased
competitive performance in terms of both time and memory usage.

A more comprehensive comparison should align with the specific requirements of the
application, dataset size, and available computational resources.

5. Conclusions

In this study, a quasi-real-time (approximately every 5 min) framework for deep
convective events modeling, based on ABI-GOES data, was designed by considering the
following three principles: the use of open-source software and open-access products,
automation, and scalability. This modeling framework runs cyclically and automatically
every 5 min, corresponding to the temporal resolution of the ABI bands.

This framework is based on the use of machine learning techniques, for which eight
different models and model ensemble strategies, including LR, RF, MLP, LRstacking, RFs-
tacking, Bagging, Hard-Voting, and Soft-Voting, were compared for two study sites, Los
Mochis and Mexico City, selected for their intense convective activity and high degree of
vulnerability to extreme weather events. The results indicate that a simple approach such as
LR or RF can be a good alternative for the identification and simulation of deep convective
clouds in both study areas, showing POD ~ 0.84 for Los Mochis and POD = 0.72, while
FAR ~ 0.2 and FAR =~ 0.4 values were estimated, respectively.

In addition, the implementation of a post-processing filter based on lightning incidence
recorded by GLM-GOES was evaluated to improve the detection capability of the ML
models. In this sense, it was observed that, in the case of Los Mochis, these did not
represent a significant change in contrast to Mexico City, where the detection capability of
all ML approaches increased significantly.

From the simulation of a reference event in both study areas, a challenge is identified
in the simulation of cloud edges due to the limitations of using a pixel-based classification
approach; however, the results show a good overall performance in most of the ML
approaches analyzed.

This work sets a precedent towards the implementation of an early warning system
for hazards associated with intense convective activity in a region with complex atmo-
spheric dynamics such as Mexico, which also has a limited severe-weather-monitoring
infrastructure and a highly heterogeneous distribution of ground-based sensors.
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Abbreviations

The following abbreviations are used in this manuscript:

ABI Advanced Baseline Imager

ANN Artificial Neural Networks

AWS Amazon Web Services

CcC Convective Cells

CI Convective Initiation

CMIP Cloud and Moisture Imagery

CNN Convolutional Neural Networks

COMS Communication, Ocean, and Meteorological Satellite
CcOoT Cloud Optical Thickness

CSI Critical Success Index

CtP Cloud-top Pressure

DL Deep Learning

DT Decision Tree

ENSO  El Nifio-Southern Oscillation

FAR False alarm ratio

GLM Geostationary Lightning Mapper

GOES Geostationary Operational Environmental Satellite
IoU Intersection over Union

ISCCP  International Satellite Cloud Climatology Project
LF Lightning Filter

LR Logistic Regression

MDI Mean Decrease Impurity

ML Machine Learning

MLP Multi-layer Perceptron
MODIS Moderate-Resolution Imaging Spectroradiometer

NAM North American monsoon

NWP Numerical weather predictions
oT Overshooting Top

POD Probability of detection

RF Random Forest

RNN Recurrent Neural Networks

ROC Receiver Operating Characteristic

SMO Sierra Madre Occidental
SVM Support Vector Machine
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Abstract— This research addressed the implementation of a
forecast framework, based on Machine Learning classification
techniques, for the identification and monitoring of possible
convective events associated with extreme precipitation. This
methodology was applied in Los Mochis, Sinaloa, in Northeast
Mexico, for this location presents intense convective activity and a
high degree of vulnerability to floods and severe storms. The
framework was constructed with a set of reference events from the
Moderate-Resolution Imaging Spectroradiometer (MODIS) in
which deep convective clouds were identified to generate the
Target Labels set. Subsequently, a set of 12 predictor variables
based on cloud optical properties is generated using data from the
Advanced Baseline Imager (ABI) of the GOES-16 satellite. The
Machine Learning models are Logistic Regression (LR) Random
Forest (RF), which were selected for its simplicity, and their wide
use in severe storms forecasting. The estimated Probability of
Detection results were 0.8 in both RL and RF, while the False
Alarm Ratio data was less than 0.2, indicating high modeling
performance.

Keywords— Deep Convection Clouds, Machine Learning, ABI-
GOES, Logistic Regression, Random Forest.

I. INTRODUCTION

The monitoring and forecasting of meteorological conditions
imply a significant challenge, especially in regions like Mexico
where the instruments networks, such as meteorological radars
or automatic stations, are insufficient [1]. In this regard, the use
of satellite products represents an important and affordable
alternative for monitoring convective hazards (i.e., weather
events caused by the vertical movement of air masses, for
example, lightning tornadoes, hail fall, severe storms, etc.).

On the other hand, Machine Learning (ML) and Deep
Learning (DL) have been recognized as critical tools to solve
problems in geosciences, including atmospheric sciences [2],
[3]. Recently, advanced research has been conducted in the
monitoring and forecasting of deep convective events using ML
techniques, such as Logistic Regression (LR) [4], Random

Juan Alberto Velazquez Zapata
Programa de Agua y Sociedad
CONAHCYT-EI Colegio de San
Luis
San Luis Potosi, México
ORCID: 0000-0002-0208-9286

Forest (RF) and Decision Trees [5]-[9], and DL techniques
[10]-[12].

In this study, LR and RF algorithms were used to identify
potential deep convective clouds (vertically developed cloud
systems driven by strong upward atmospheric motions)
associated with the presence of severe storms, using data from
the Advanced Baseline Imager (ABI) of the GOES R satellite
constellation. Subsequently, the variables with the greatest
weight were identified with a feature importance analysis. The
results of this work set a precedent for the implementation of a
convective hazards monitoring and forecasting framework with
5-min updates. The main novelty of this framework is that it can
be scalable to any region of Mexico, since it only uses free
access products and open-source software (Python 3).

II. MATERIALS AND METHODS

In this study, LR and RF models are used for the detection
of deep convective clouds using data from the GOES-R
Advanced Baseline Imager (ABI-GOES) as predictor variables,
and data from the Moderate-Resolution Imaging
Spectroradiometer (MODIS) for the generation of a set of target
labels to classify two classes: cells with convective activity
(CC) and cells with no convective activity (noCC). The
databases, the study area, the classification models and the
methods for the identification, validation, and evaluation of the
models are described in this section.

A. Data
a) ABI-GOES Data

GOES-R ABI is a passive imaging radiometer with 16
spectral bands, including 2 visible channels, 4 near-infrared
channels, and 10 infrared channels [13]. The ABI-GOES bands
were used to generate 12 predictors, based on spectral properties
of deep convective clouds. The temporal resolution for data
collection is 5 min. The data are available in
https://www.ncdc.noaa.gov/airs-web/search.

979-8-3503-9315-6/23/$31.00 ©2023 IEEE
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b) MODIS Data

MODIS is a passive imager mounted on both the Terra and
Aqua sun-synchronous polar-orbiting satellites. This sensor
provides pixel-level retrievals of cloud top properties and cloud
optical properties [14]. For the generation of target labels, the
parameters “Cloud_Top_ Pressure” and
“Cloud_Optical Thickness” (related to the optical and
microphysical properties of deep convective clouds) from the
Collection 6 (C6) of MODIS products were collected. These
data are available in https://www.ncdc.noaa.gov/airs-
web/search.

B. Study area

Los Mochis is the main urban area of the municipality of
Ahome (State of Sinaloa), Mexico. This city is located within
the North American monsoon (NAM) core domain, so the
region has a significant convective activity [15]-[17]. The
meteorological characteristics and the socioeconomic
conditions, produce a context of high vulnerability to severe
storms and floods [18].

Figure 1 shows the location of Los Mochis between latitudes
25.6° - 26°, it is situated between the Gulf of California and the
Sierra Madre Occidental; however, its topography is
predominantly flat. This area is classified as Hot Desert climate
(BWh), with a mean annual precipitation of 335 mm, which
occurs mainly during a marked wet season between July and
September. Its rainfall regime is strongly influenced by the
presence of large-scale climatic phenomena such as El Nifio—
Southern Oscillation (ENSO) and hurricanes [18].
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Fig. 1. Location of the study area. The red border corresponds to the special
simulation domain, which has a size of 50 x 50 cells. The spatial range includes
the municipal limit of Los Mochis, Sinaloa (black border) and an extended
domain given the scale at which convection clouds are generated.

C. Models

LR is a statistical model used to predict a binary variable
(here, CC or noCC) from one or more independent variables or
predictors [19]. It works by fitting a logistic curve to the input
data, which maps the input features to the output class
probabilities (Fig. 2). The model parameters are estimated
through maximum likelihood estimation, which finds the
parameter values that best align with the observed data. Despite
its simplicity, LR performs well for nonlinear problems in
atmospheric science such as convection [20].

Net Input  Activation Unit Step
Function Function Function

Suiddensioog

Tree-2 (...)

Fig. 2. Architecture of a Logistic Regression (upper) [24] and Random Forest
(lower) [25].

Tree-1 Tree-n

RF is a nonparametric ensemble model based on the
consensus of a collection of Decision Trees on different
bootstrap samples, the outputs of the individual trees are then
aggregated through voting to produce the final prediction (Fig.
2). The bootstrapping, that is, the training data resamples with
replacement, allows the improvement of the model robustness
and variance reduction through aggregation.

Along with LR, RF is one of the most widely used ML
models in convective hazard forecasting studies [3], [4], [8],
[21], [22], mostly due to its ability to capture non-linear
association patterns between predictor and predictand, such as a
convective storm system or precipitation [23]. Addressing the
problem with both models allows the comparison of a low
complexity model (LR), and a more robust model based on an
assembly technique (RF)

D. Training and Testing datasets and Machine Learning
Process

Data from the different ABI-GOES channels were used to
generate 12 prediction variables, which in scientific literature
are called "Interest Fields (Table I). In this study, the Interest
Fields reported in the works of [26] and [6] were selected as
predictors. On the other hand, the set of Target Labels was built
using the MODIS C6 variables “Cloud Optical Thickness”
(COT), parameter equivalent to Cloud Optical Depth) and
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TABLEI .SUMMARY OF THE INPUT DATA USED FOR THE IMPLEMENTATION OF ML WORKFLOW AND POST-PROCESSING FILTER. THE INITIAL SELECTION OF
PREDICTOR VARIABLES (INTEREST FIELDS) WAS TAKEN FROM [6].

D IFeature names Type Sensor
CtT Cloud-top temperature (11.2 pm TB) Predictor IABI
CtHO1 Cloud-top height 01 (6.2 - 11.2 pm) Predictor IABI
CtHO2 Cloud-top height 02 (6.2 - 7.3 pm) Predictor IABI
CtHO3 Cloud-top height 03 (13.3 - 11.2 pm) Predictor IABI
CtGO1 Cloud-top glaciation 01 (12.3 - 11.2 pm) Predictor IABI
CtG02 Cloud-top glaciation 02 (8.6 - 11.2 pm) Predictor IABI
CtG03 Cloud-top glaciation 03 (8.6 - 11.2 pm) - (11.2 - 12.3 pm) Predictor IABI
CtCrate Cloud-top cooling rate (11.2 pm time trend) Predictor IABI
IBTDrate Brightness temperature difference rate (6.2 - 11.2 pm time trend) Predictor IABI
TChCtH02  [Temporal changes in cloud-top height 02 (6.2 - 7.3 pm time trend) Predictor IABI
[TChCtHO3 [Temporal changes in cloud-top height 03 (13.3 - 11.2 pm time trend) Predictor IABI
[TChCtG03  [Temporal changes in cloud-top glaciation ((8.6 - 11.2 pm) - (11.2 - 12.3 pm) time trend) Predictor IABI
CC labels IDeep convective clouds labels [Target Variable [MODIS

“cloud top pression 1km” (CtP). The well-established
classification of the International Satellite Cloud Climatology
Project (ISCCP; Fig. 3) [27] was selected for the labeling of
Convective Cells (CC). In particular, cells with values COT >23
and CtP <440 mb are classified as deep convective clouds. The
events selected for the construction of the training and testing
datasets are listed in Table II. The size of the training and testing
data sets are 15,000 and 20,000 cells respectively.

w|- Cl | CS | DC
~ deep High
£ 310 [~ cirrus cirrostratus 9
E convection
[
5 440
@
17
]
% 560 | ;
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]
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(&)
800 [~ cumulus  |stratocumulus stratus Low
1000 ‘ | |

1.3 3.6 94 23

Cloud Optical Depth

60 379

Fig. 3. ISCCP Cloud Classification in terms of Cloud Top Pressure and Cloud
Optical Depth [27].

TABLE L. DATES AND TIMES OF CONVECTIVE EVENTS RECORDED IN
ABI GOES-R IMAGERY USED TO CONSTRUCT THE TRAINING AND TESTING
DATASETS.

Date Time (UTC-00) Usage

17-Jul-2018 18:30 Training data set
10-Aug-2018 20:50

19-Sep-2018 18:30

19-Sep-2018 20:00

9-Aug-2019 21:15
12-Aug-2021 18:10

15-Aug-2018 18:00 Testing data set
22-Aug-2018 21:15

29-Jul-2019 18:20

8-Aug-2019 17:20
22-Aug-2019 17:30
23-Aug-2019 18:15

14-Sep-2019 17:40

30-Jun-2020 17:25

Authorized licensed use limited to: INSTITUTO POTOSINO INV. CIENT. TEC (IPICYT). D

A feature importance analysis was performed to estimate the
degree of contribution of each of the interest fields on the
outcome of a ML models. For LR, the relative importance of the
predictor variables is given by the absolute value of the
coefficients assigned to each Interest Field in the model training
stage. In the case of RF, the Mean Decrease Impurity (MDI) is
used as a measure of the degree of contribution of each predictor
variable for the identification of the CC class. This method
assesses the significance of each feature by quantifying its
contribution to the impurity reduction, (here, Gini impurity),
during the process of iterative feature-based splitting. In other
words, the Gini impurity reduction is used to assess how each
feature contributes to improve the purity of the divisions made
in the tree construction process.

After selecting the predictors and scaling the data with the
StandardScaler method (i.e., a function to scaling data from
scikit-learn, a free software ML library of Python 3.0), a
hyperparameter tuning was performed, the cross-validation
strategy with 5 k-folds was used in the hyperparameter search
process.

E. Metrics

To assess the performance of the different ML approaches,
several classification metrics were calculated from the confusion
matrix: Probability of Detection (POD), False Alarm Ratio
(FAR), Critical Success Index (CSI) and bias (BIAS).

POD=TP/(TP+FN) (1)
FAR =FP/(FP+ TP) ()
CSI=TP/(TP+FP+FN) 3)
BIAS = (TP + FP)/ (TP + FN) )

where, TP is the number of true positives, FP indicates the
number of false positives, FN is the number false negatives, and
TN is the number of true negatives.

ownloaded on May 01,2024 at 17:22:23 UTC from IEEE Xplore. Restrictions apply.
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III. RESULTS AND DISCUSSION

The relative feature importance analysis helps to reduce
dimensionality, improve model efficiency, and mitigate the risk
of overfitting. A lower dimensionality. dataset improves the
model performance by removing noise from lower weight
features, while computational cost is substantially reduced. In
this sense, the training and testing datasets were delimited by
reducing from twelve to six the number of features used as
predictor variables. For this task, the criteria were the selection
of values with the greatest relative importance in LR and RF
(Table III). The Interest Fields with the highest degree of
importance were CtT, CtHO1, CtG01, CtHO03, Ctg03 for LR, and
CtHO1, CtT, CtHO03, CtH02, CtGO1 for FR (Fig.4).

TABLE IIL INTEREST FIELDS USED AS PREDICTOR VARIABLES AFTER THE

FEATURE IMPORTANCE ANALYSIS.

Interest Fields used as predictor variable
Cloud-top temperature (CtT)
Cloud-top height 01 (CtHO1)
Cloud-top height 02 (CtH02)
Cloud-top height 03 (CtH03)

Cloud-top glaciation 01 (CtG01)
Cloud-top glaciation 03 (CtG03)

a) Logistic Regression Feature Importances

6_

Importance

CtT

CtHO1
CtGOl
CtHO3
CtGO03
CtHO02
BTDRate
TChCtHO3
C1G02
CtCRate

TChCtGO3
TChCtH02

b) Random Forest Feature Importances
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Fig. 4. Analysis of the feature importance using the absolute value of the
coefficients obtained in the training stage of the LR model (a) and the MDI
estimated for the 12 Interest Fields with the RF model (b). A high value of the
weight of the coefficients and of the MDI value is interpreted as an indicator of
the degree of contribution of a variable.

In the first case, CtT, as its name indicates, directly
corresponds to the brightness temperature measured at the top of
the cloud. This agrees with the typical properties of a deep
convective cloud, where at higher altitudes, the temperature at
the cloud top is colder than the surrounding environment. For
this reason, these kind of clouds reach significant heights in the
atmosphere, where temperatures are much lower due to the
decreasing atmospheric pressure with altitude. The cold cloud
top is the result of the adiabatic cooling process, where rising air
expands and cools as it moves upward through the atmosphere.
These findings agree with the results reported by references [4],
[6], [26] and [9], which also identified the CtT among the most
contributing Interest Fields.

Figure 5 shows the distribution of the CtT values for each of
the classes for the entire reference data set (the training data set
has 9,736 CC and 5,264 noCC cells, while the testing data set
has 14,380 and 5,620 CC and noCC cells respectively). From
this figure, it can be seen that the sets of CC and noCC cells are
statistically differentiable for this variable (which is a desirable
condition for classification tasks), showing a clear relationship
between the coldest CtT values and the presence of CC cells. In
this sense, reference [28] lists some cloud-top temperature
thresholds reported in studies related to the identification of deep
convection clouds, for example, 241 and 221 K [29], 221 K [30],
255 and 206 K [31], and 225 K [32], even reference [28] uses a
threshold of 233 K as criteria for their convective storm
detection algorithm.

Cloud-top Temperature Cloud-top Height 01

300 A
° %
280 ~10
260 -20 4
¥ -30 4
240 H
—-40 4
220 A
_5“ -
200 -
_60 e
T T T T
cc noCC cc noCC

Fig. 5. Box plots of the most important input variables identified after the
importance feature analysis, Cloud-top Temperature (CtT) and Cloud-top
height 01 (CtHOL). In this figure, the distribution of this variables of all
reference data was used for CC detection models.

The Second Interest Field in order of importance is CtHO1,
which represents the difference between channels 6.2 and 11.2
um. This value is used to determine lower stratospheric
moisture, and it is positive when water vapor is present above
the cloud tops [9], which is an indicator of the presence of an
Overshooting top, that is, a dome-like protrusion shooting out of
the top of the anvil of a thunderstorm and into the lower
stratosphere [33]. These clouds are typically associated with
thunderstorms and intense convection. In this case, its
distribution is concentrated in values close to 0 for the case of
CC cells, while the noCC values range between 0 and -60. The
distributions of the CC and noCC sets are statistically
differentiable in the same way as CtT.
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Figures 6 and 7 show the results of the hyperparameter
tuning for LR and RF respectively. In the case of LR, the
maximum value of the accuracy score was 0.82, reached with a
configuration C = 0.01 and the liblinear solver. The parameter C
is the inverse of the regularization strength, where smaller values
of C correspond to stronger regularization. Regularization
prevents overfitting by penalizing large coefficient values, thus
favoring simpler models. When C is large, the model aims to
minimize misclassification of training data, potentially leading
to complex models that fit noise. On the other hand, smaller C
values emphasize coefficient regularization, promoting models
that might better generalize to new data. The liblinear solver is
a numerical optimization algorithm employed to find the
optimal coefficients that minimize the logistic loss function.

Logistic Regression

Inverse of regularization strength

c=10 u |iblinear
m |bfgs
C=100 = newton-cg
0.795 0.805 0.815 0.825
Score

Fig. 6. Results of hyperparameter tuning for LR. The best fit parameter set
found is: Inverse of regularization strength C = 0.01 and solver: liblinear.

Random Forest
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Fig. 7. Results of hyperparameter tuning for RF. The best fit parameter set is:
number of trees (n_estimators) = 500, maximum depth of the tree (max_depth)
=2, and random split predictor variables (max_features) = 1.

On the other hand, RF reaches a similar value of 0.81 with a
configuration, n_estimators = 500, max depth = 2, and
max_features = 1. In RF context, n_estimators determine the
number of decision trees (DT) included in the ensemble, the
parameter max_depth, specifies the maximum depth that each

individual DT can grow to during training stage, and
max_features controls the number of features that are considered
for splitting at each node while constructing individual DT.

Regarding the performance metrics, an approximate POD
value 0of 0.8 is reached in both LR and RF, and FAR values lower
than 0.2 were obtained (Fig. 8). This result evidences a good
balance between the probability of detection of the generation of
a deep convective event, with a good level of certainty that they
are not false alarms. In this sense, reported values in other works
can be mentioned as a reference; for example, values of POD =~
0.8 and FAR =~ 0.2 were reported [6], other works obtained
values of POD = 0.82 and FAR = 0.37[26], and POD ~ 0.87
and FAR =~ 0.2 - 0.36 [4]. Other useful metric in binary
forecasting is CSI, which provides a measure of the proportion
of correct forecasts (both hits and correct rejections) to all the
possible forecasts, including both correct forecasts and errors. It
ranges from 0 to 1, with a value of 1 representing a perfect
forecast and 0 indicating no skill. Our results show CSI values
in LR and RF close to 0.7, which agree the results obtained by
[34] CSI &~ 0.74 - 0.8 and [35] CSI =~ 0.65.

1.2

0.8

0.6

0.4

0.2

LR RF

EPOD mFAR OBIAS ®CSI

Fig. 8. Assessment of the testing metrics POD, FAR, CSI and BIAS for the
LR and RF models.

According to reference [36] the BIAS metric ranges from 0
to infinity, and allows evaluating whether the forecasting
method tends to underestimate the CC occurrence (BIAS<1) or
to overestimate it (BIAS>1). BIAS=0 corresponds to a perfect
forecast. Our results show that the BIAS value is higher than 1
with LR, while with RF the value is lower; however, both
models obtained a very close value to perfect forecast.

Finally, Fig. 9 shows the simulation of the event 2019-234 -
17:30 (August 22, 2019) with LR y RF. When comparing the
event simulation with the temperature map at the top of the
cloud, it can be seen a good correspondence between the spatial
distribution of the CC cells and the coldest areas of the imagery.
For its part, LR tends to identify a larger portion of CC cells at
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Fig. 9. Cloud-top brightness temperature map of the Los Mochis 2019-234 - 17:30 event (August 22, 2019) obtained from the ABI Band 14 (a), and simulation
of the event with LR (b) and RF (c¢) models. The yellow regions indicate CC simulate pixels and the purple correspond with the noCC pixels.

the edge of the cloud. The transition zones between both classes
are difficult to simulate due to the diffusion effect of the optical
properties of the cloud that the models use to determine the CC
occurrence.

Future work will include an expanded selection of ML
models for the detection of potential deep convective clouds, as
well as the use of model assembly strategies such as Voting and
Stacking. Also. DL techniques such as Recurrent Neural
Networks (RNN) and Convolutional Networks (CNN) will be
tested. In addition, the incorporation of additional study areas
will be useful to determine the effect of each of the predictor
variables in regions with different convection mechanisms and
atmospheric dynamics.

IV. CONCLUSIONS

A machine learning framework was implemented based on LR
and RF models to identify probable severe convective events.
The design was implemented in Los Mochis (Sinaloa, Mexico)
due to its high vulnerability to extreme precipitation events.

The simulation experiments identified, in both models, six
predictor variables with a higher contribution degree, a result
that is consistent with other recent works for the identification
of fields of interest estimated from ABI GOES sensor
observations.

According to the metrics obtained, the identification of
convective events from satellite data, ML-based models and
model optimization represents a reliable strategy that open the
possibility of generating autonomous and intelligent systems for
monitoring and tracking convective events on a larger spatial
scale, taking advantage of the great availability of temporal
information at near-real-time levels.
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La produccion del riesgo en ante eventos de inundacion en Los Mochis, Sinaloa

Resumen

La ciudad de Los Mochis se localiza en la cuenca del rio Fuerte y dentro del distrito de Riego
075 en Sinaloa, México. La ciudad ha sido afectada, desde su fundacién, por eventos de
inundacion, algunos de ellos muy severos como los acontecidos en 2008 y en 2018, en los
que casi la totalidad de la ciudad ha sido cubierta por agua, provocando la pérdida del
patrimonio de la poblacion, dafios a la infraestructura y la evacuacion de miles de residentes.
Si bien la ubicacion geogréfica de la ciudad, cercana a la costa del Golfo de California, la
hace susceptible ser afectada por ciclones tropicales y otros fendmenos meteoroldgicos, este
estudio analiza el contexto historico de configuracion de la ciudad como el principal factor
de produccidn de riesgo la ciudad. Ademas, el estudio muestra, con base en el analisis del

desastre de septiembre de 2018, el contexto actual de vulnerabilidad de la poblacion.
Palabras clave: Inundaciones, Los Mochis, Sinaloa

Abstract

The city of Los Mochis is located in the Rio Fuerte basin and within the Irrigation District in
Sinaloa, Mexico. The city has been affected, since its foundation, by flood events, some of
them very severe such as those that occurred in 2008 and 2018, in which almost the entire
city has been covered by water, causing the loss of the heritage of the population, damage to
infrastructure and the evacuation of thousands of residents. Although the geographic location
of the city, close to the coast of the Gulf of California, makes it susceptible to being affected
by tropical cyclones and other meteorological phenomena, this study analyzes the historical
context of the city's configuration as the main factor of risk production the city. In addition,
the study shows, based on the analysis of the September 2018 disaster, the current context of

vulnerability of the population.
Keywords: Floods, Los Mochis, Sinaloa

1.Introduccién
De acuerdo con la Organizacion Meteorologica Mundial, se han registrado 8,835
desastres a nivel global entre los afios 1970 a 2012, de los cuales las inundaciones constituyen
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el 44% de estos eventos (Golnaraghi, Etienne, Guha-Sapir, & Below, 2014), siendo asi el
desastre mas frecuente a nivel mundial.

La explicacion a la causa de los desastres por inundaciones suele darse evaluando la
cantidad de precipitacion en el lugar afectado o en las condiciones geogréaficas, mientras que
las consecuencias se estiman con el recuento de dafios a la infraestructura y el nimero de
afectados, obviando muchas veces las condiciones de riesgo y vulnerabilidad que dieron
origen a dichas afectaciones. Ejemplo de este enfoque basado en el aspecto de geografia
fisica es el estudio de Arreguin-Cortés et al. (2016) en el cual estiman que 162 000 km? del
territorio mexicano son susceptibles de inundarse identificando como principal causa un
problema de ordenamiento territorial.

Autores como Blaikie, Cannon, Davis, & Wisner (1996) afirman que cuando se
presenta un desastre estd implicado un fendmeno fisico, o0 amenaza de origen geoldgica o
hidrometeoroldgico (entre otras), sin embargo, son las condiciones politicas, sociales y
econdmicas del entorno la principal causa del desastre. En este contexto, estos autores
identifican la vulnerabilidad como “las caracteristicas de una persona o grupo desde el punto
de vista de su capacidad para anticipar, sobrevivir, resistir y recuperarse del impacto de una
amenaza natural”. Por lo tanto, una amenaza puede afectar a la poblacién en menor o mayor
grado, segun las condiciones preexistentes de la sociedad y los recursos (econdémicos,
institucionales, etc.) de los que ésta disponga para recuperarse.

El desastre generalmente se ve como una disrupcion de la normalidad, esto es un
evento que se presenta subitamente y que afecta el funcionamiento ordenado de una
comunidad. Un enfoque para analizar el desastre, es estudiarlo como un proceso que se va
construyendo con la influencia de diversos factores sociales. Entre estos se encuentran
factores socioeconémicos como la marginalidad, la densidad de poblacion, la pobreza, la
falta de sistemas de alerta ante amenazas y los contextos de vulnerabilidad de la poblacion
(Rodriguez Esteves, 2007). El estudio del proceso de conformacion del desastre tiene
también una componente historica, como el propuesto por Ley Garcia & Calderon Aragon
(2008), quienes estudian la produccién del riesgo y la vulnerabilidad en la ciudad de Mexicali
(Baja California) en las tres décadas a partir de su fundacion. En este estudio, se identifica

las condiciones de alejamiento de la ciudad respecto al resto del pais como un factor que
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propici6 la ausencia de politicas nacionales en la region, lo que llevé a que los extranjeros se
apropiaran de los medios de produccion y comercio. Este contexto llevd a que Mexicali se
convirtiera en un espacio fragil ante los peligros naturales y con poblacién poco resiliente.
En base a los conceptos anteriores, este estudio evalta la produccion del riesgo ante
inundaciones en la ciudad de Los Mochis, considerando los componentes fisicos y sociales.
El estudio presenta el contexto historico de la fundacion de la ciudad y las condiciones que
las llevaron a convertirse en un importante polo de desarrollo agricola. Ademas, se evalla en
contexto fisico de la ciudad, entre ellos la red hidroldgica natural y la construccién de
infraestructura hidraulica que conformaron las condiciones actuales de Los Mochis. A
continuacidn, se presenta un caso reciente e importante de inundacion acontecido en 2018 y
se evaluan las condiciones que llevaron a dicho desastre. Finalmente, se presentan las

conclusiones que cierran el trabajo.

2. Contexto historico de la ciudad de los Mochis

En la actualidad, la ciudad de Los Mochis cabecera municipal de Ahome, en el Estado
de Sinaloa, es considerada como un referente de modernidad y crecimiento, no solo a nivel
estatal sino en todo el pais. Con frecuencia, esta ciudad se considera como la tercera mas
importante del estado debido a su gran produccion agricola (CONAGUA & SEMARNAT,
2017), posicionandola como uno de los emporios agricolas mas grandes del pais.

Algunos cronistas e historiadores consideran el origen de este centro urbano previo a
los tiempos de la conquista; por ejemplo José Armando Infante identifica tres momentos
fundamentales en la formacion de esta ciudad a los cuales denomina como “las tres
fundaciones de Los Mochis” (Infante, 2011), no obstante, acotaremos el inicio de esta historia
en septiembre de 1872, fecha en que la gran mayoria considera comienza la fundacién de los
Mochis con la llegada del ingeniero civil estadounidense Albert K. Owen quien llegé al valle
del Rio Fuerte y a la bahia de Ohuira como parte de un equipo de exploracién de una empresa
americana de ferroviaria en busca de un puerto en la costa del noroeste que fungiera como
terminal de linea ferroviaria que correria hasta Nueva York con el fin de agilizar el comercio
entre Estados Unidos y los paises asiaticos (Instituto Latinoamericano de la Comunicacion
Educativa, 2021).
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Se dice que en cuanto el ingeniero Owen arribéd a la bahia de Ohuira quedd
maravillado y convencido de que ese lugar seria donde se construiria “la ciudad del futuro”
y fue asi que comenzd con un desarrollo portuario y urbanistico, al estilo de San Francisco o
Nueva York, disefiada con amplias calles y avenidas (Infante, 2011). Fue asi que afios
después Owen junto con un grupo de socialistas utdpicos crearon la ciudad de Pacific City
(la cual es hoy en dia conocido como Topolobampo) bajo los principios de socialismo
utopico, ademas comenzaron con la construccion de los primeros canales y acueductos para
derivar agua proveniente del Rio Fuerte y aprovechar las fértiles tierras que se extendian por
todo Valle del Fuerte (mochisonline, 2019). Este hecho, aunque poco conocido fue
importante, segun se describe en la resefia de Quintana Navarrete (2015), “este disefio
socioecondémico guio a los pioneros estadounidenses que, entusiasmados por las ideas
utopicas de Owen y por las perspectivas de una vida feliz y prospera en tierras mexicanas,
desembarcaron en las playas de Sinaloa en noviembre de 1886”. Entre la gran cantidad de
personajes que arribaron a costas mexicanas atraidos por el proyecto de Owen se encontraba
Benjamin Francis Johnston quien fue una figura de vital importancia durante los siguientes
afnos.

Pasaron 30 afios y la utopia de Owen comenzaba a desmoronarse debido a diversas
condiciones adversas, por ejemplo, las costas de arenosas y salinas de Topolobampo no eran
aptas para la agricultura, ademéas de enfrentar rencillas politicas y un brote de paludismo
(Quintana Navarrete, 2015). No obstante, algunos pobladores se establecieron en
Topolobampo continuando con la construccion de canales de riego, una parte de los
pobladores regresé a Estados Unidos, pero el mayor grueso de colonos se establecié en dos
poblados que se encontraban al sur sobre la trayectoria de una de las principales obras
hidraulicas que a la actualidad sigue sirviendo para derivar importantes volimenes de agua
para el riego de la gran cantidad de campos de cultivo de esa region, el “Canal Taxtes”, del
cual se hablara a detalle en las secciones posteriores (H. Ayuntamiento de Ahome, 2018).
Estos dos poblados “The Public Farm” o el “Publico” como mejor se le conocia en ese tiempo
y “El Plat”, se situaron en lo que hoy en dia se conoce como Los Mochis, aunque no fue sino
hasta el 1903, que el gobernador Francisco Cafiedo decreta el cambio de nombre (Infante,
2011).
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Durante esos afos, a la par de que se continuaba con el proyecto ferroviario, Benjamin
Francis Johnston comienza a explotar recursos como la cafia de azucar, crenado en sociedad
Edward Lycan y Zacarias Ochoa “el Aguila Sugar & Refining Company”, que después
cambia de nombre a “Sinaloa Sugar Company” y luego a “United Sugar Company” la cual
sigue operando a la fecha con el nombre de “Compafiia Azucarera de Los Mochis”. Este
ingenio azucarero hasta la fecha es considerado como uno de los mas importantes a nivel
nacional, y en su tiempo fue una pieza elemental para la consolidacién del gran desarrollo
que veria esa joven ciudad durante los afios venideros y un importante polo de crecimiento
demografico (mochisonline, 2019) que para 1910 contaba con 1,188 habitantes (H.
Ayuntamiento de Ahome, 2018).

Con el auge de industria cafiera el sistema de irrigacion y las concesiones federales
pasaron a manos del Johnston, quien amplié y modernizo los campos de cultivo y la red de
riego con agua proveniente del Rio Fuerte (Instituto Latinoamericano de la Comunicacion
Educativa, 2021).

En 1916 se cred el municipio de Ahome y desde 1935 la cabecera municipal de este
ultimo se ubica en la ciudad de Los Mochis (mochisonline, 2019).

Otro hecho de gran relevancia fue el decreto de instauracion del Distrito de Riego
075, “Rio Fuerte” en cual se establecid sobre centro agricola perteneciente al Valle del Fuerte
al cual pertenece la ciudad de Los Mochis. Este se cred mediante acuerdo presidencial
publicado en el diario oficial de la federacion el 21 de agosto de 1951. La fecha de inicio de
operacion del distrito fue el afio de 1956 con la terminacion de la primera etapa de
construccion de la presa Miguel Hidalgo y fue transferida a los usuarios en 1992 (Barrera
Pérez, 2006).

Actualmente, la ciudad de Los Mochis cuenta con una superficie aproximada de 86.5
hectareas, durante el censo de 2010 se registrd una poblacion de 256,623 habitantes (Davila
Ortiz, 2019; H. Ayuntamiento de Ahome, 2014), mientras que en el méas reciente censo
(2020) se contabilizaron 298,000 (INEGI, 2020) por lo que se puede hablar de un crecimiento
demogréfico del 16.12 % en los ultimos 10 afios.

Como se describi6 en esta seccion, el desarrollo de Los Mochis, Sinaloa fue posible

gracias a la conjuncién de tres principales factores: ubicacion estratégica, vias de
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comunicacion y facil acceso (bien se dice que Los Mochis es una de las pocas ciudades a las
que se puede acceder por mar, aire, tren y carretera.; Davila Ortiz, 2019), y la fertilidad de
sus tierras debida principalmente a la creacion de los canales de riego en una region de clima
seco. Sin lugar a dudas, la fundacion y eventual crecimiento de esta ciudad, esta
estrechamente vinculada con la red de riego del Valle del Rio Fuerte, hoy conocido como
Distrito de Riego 075 “Rio Fuerte”.

3. Descripcion del medio fisico

3.1 Hidrografia

La ciudad de Los Mochis se encuentra dentro de la cuenca RH10Fb — B. Ohuira la
cual pertenece a la cuenca Bahia Lechuguilla-Ohuira-Navachiste (RH10F), que a su vez
forma parte de la Region Hidrografica de Sinaloa (RH10; INEGI, 2010). La cuenca RH10Fb
con un area de 2469.96 km? posee como corriente principal un escurrimiento intermitente, el
cual surge en la parte alta de la cuenca y desemboca en la Bahia Ohuira (Figura 1b). En esta
cuenca se originan varios escurrimientos de longitud restringida y de poca importancia que
derivan su caudal hacia la bahia, cuerpos de agua internos o en alguna infraestructura de riego
(Davila Ortiz, 2019).

Hidroldgicamente hablando, las mayores aportaciones de flujo provienen del Rio
Fuerte, importante afluente con origen en las estribaciones de la Sierra Tarahumara que drena
sus aguas en los estados de Chihuahua y Sinaloa. EI Rio Fuerte cuenta con un sistema de
presas (Figura 1a), a parir de las cuales deriva importantes voliumenes de agua para abastecer
el Distrito de Riego 075, a través de una intrincada red de 2,297.79 km de canales sin revestir
(H. Ayuntamiento de Ahome, 2014). Tanto el sistema de presas conformado por la Presas
Huites, Josefa Ortiz y Miguel Hidalgo (Figura 1a) asi como el Rio Fuerte son de propiedad
federal por lo cual son regulados por la Ley de Aguas Nacionales.

En cuanto a su hidrologia subterranea, la ciudad de los Mochis se encuentra sobre el
acuifero 2501 Rio Fuerte, un acuifero libre que funge como zona de recarga entre la Sierra
Madre Oriental y el Golfo de California (Déavila Ortiz, 2019).
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3.2 Clima

Segun la clasificacion climatica de Koppen modificado por Garcia (2004), el tipo de
clima que prevalece en Los Mochis, es el Muy Seco Calido (clave BW (h”) hw), el cual
predomina en la mayor parte de la cuenca RH10Fb (Figura 1c). El grupo de climas Secos
(B) se caracterizan por precipitaciones anuales inferiores a los 800 mm, dentro de este grupo,
el Clima Seco de Desierto (BW) es el méas seco con precipitaciones inferiores a los 400 mm.
Con respecto a sus caracteristicas de temperatura, los climas célidos (h’) h, presentan una
temperatura promedio anual se encuentra por encima de los 22° C.

En la Figura 2 se muestran estimaciones de precipitacion diaria media y de
temperatura mensuales con base en datos recolectados por la estacién Los Mochis (clave
265116; Figura 1c). Con respecto a la precipitacion, se aprecia una marcada temporada de
lluvias entre julio y septiembre, llegando hasta una maxima de 3 mm diarios, por su parte, en
la temporada de secas la cual comienza en octubre y finaliza en junio se presentan varios
meses con valores muy cercanos a 0 mm diarios. Este régimen de precipitacion ha sido
identificado en algunos reportes técnicos realizados en la zona, en los cuales se sefiala la
ausencia de precipitacion durante la mayor parte del afio, concentrandose casi en su totalidad
entre los meses julio y octubre, durante los cuales usualmente se presentan formaciones de
tormentas y huracanes de gran intensidad (H. Ayuntamiento de Ahome, 2012; IMPLAN,
2012a).

Referente a los datos de precipitacion anual acumulada registrada en la estacion Los
Mochis (Figura 2c), se ha estimado una precipitacion anual acumulada promedio de 355
mm, por su parte, IMPLAN (2012) reporta 357.7 mm de lluvia anual acumulada entre 1981
y 2020. Observando los datos de precipitacién anual acumulada durante el periodo 1964 y
2012, se puede apreciar una importante variabilidad en los afios del registro. Comparando
estos valores con eventos hidrometeoroldgicos extremos acontecidos en el area (Tabla 2), es
posible identificar una clara relacion entre los picos de precipitacion en afios lluviosos con
eventos como huracanes, tormentas y depresiones tropicales o el fenomeno del Nifio-
oscilacion del Sur, por ejemplo, la precipitacion acumulada durante 1984 fue de 683.7 mm,
afio en el cual se registrd la presencia de El Nifio, para los afios 1996 y 2008 se presentaron
valores de precipitacion de 599.3 y 595 mm (584 mm segin IMPLAN, 2012)
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respectivamente, afios en los que se reportaron los Huracanes Fausto y Olaf, los cuales
generaron importantes afectaciones en la zona urbana de Los Mochis.

Analizando los datos de precipitacion y de tipo de clima en la zona de estudio, se
aprecia una interesante relacion entre la presencia de eventos hidrometeorologicos severos
con las condiciones climaticas de la zona, teniendo un régimen de lluvias que varia
abruptamente mensual y anualmente en el cual practicamente se concentra el mayor grueso
de precipitacion en solo tres meses. Aunado a esto, se aprecia el contraste entre el tipo de
clima Muy Seco calido BW (h’) hw con este régimen de lluvias que podria catalogarse como
extremo. Es por su régimen de lluvias y la constante presencia de eventos
hidrometeoroldgicos extremos que se puede considerar a la precipitacion como una
condicion fisica del medio altamente riesgosa.

Para el caso de latemperatura, en la Figura 2 se puede apreciar una variacion mensual
entre los 18 y 32° C siendo junio, julio, agosto y septiembre los meses méas célidos y

diciembre, enero y febrero los mas frios.

3.3 Edafologia

Dentro de la cuenca RH10Fb se puede apreciar la presencia de cinco principales tipos
de suelo (Figura 1d), Feozem héaplico (Hh) suelo de profundidad variable de acuerdo a la
topografia de terreno en la seccion noreste de la cuenca donde se presentan las mayores
elevaciones, posteriormente, se encuentran porciones de Luvisol ortico (Lo) suelo rojizo con
un alto contenido en arcillas. En cuestion de extension, el tipo de suelo predominante es
Vertisol cromico (\Vc), el cual se caracteriza por su alto contenido en arcillas expansivas las
cuales en condiciones de saturacion provocan que el terreno sea poco permeable (INEGI,
2004), su uso en agricultura es muy extenso debido a su alto nivel productivo, (gran parte del
Distrito de Riego 075 presenta este tipo de suelo), no obstante, requiere de un buen drenaje
debido al efecto de expansion-contraccion de sus arcillas, el cual favorece el agrietamiento
del terreno (INEGI, 2004). Otra unidad de suelo presente en la zona son los Vertisoles
haplicos (Xh), tipo de suelo comin en zonas aridas del centro y norte de México con bajo

nivel de materia organica pero rico en arcillas (Ortiz-Villanueva & Ortiz-Solorio, 1990).
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En la zona baja de la cuenca se presenta el tipo de suelo Solonchak értico (Zo), el
cual es comun en zonas costeras, lechos de lagos y llanuras de inundacion. Caracteristico por
su alto nivel de salinidad, este suelo puede ser inducido en zonas de riego por el
ensalitramiento del terreno como resultado de un deficiente drenaje 0 un mal manejo del
recurso hidrico (INEGI, 2004).

A nivel general se observa la presencia de suelos propios de zonas agricolas, de
ambientes aridos y zonas inundables, los cuales debido al riesgo de ensalitramiento del
terreno o por la accion de su alto contenido de arcillas expansibles requieren de un buen
sistema de drenaje para conservar sus niveles de produccion agricola. Esto ultimo explica la
presencia de sistema de los 1,634 km de drenes en todo el Distrito de Riego 075 (IMPLAN,
2012a) los cuales se encargan del desalojo excedentes del agua de riego en las zonas de

cultivo.

3.4 Uso de suelo y vegetacion

En la Figura le, se muestran los principales tipos de cobertura y uso de suelo
presentes en la cuenca RH10Fb. De forma general, se aprecia la importante extension que
abarcan las zonas de cultivos del Distrito de Riego 075, las cuales rodean la zona urbana de
Los Mochis y guardan una relacion espacial con la distribucién de Vertisol cromico en la
cuenca (Figura 1d).

Con respecto al tipo de cobertura vegetal dentro de la cuenca, se aprecia una sucesion
entre selva y chaparral en la parte alta de la cuenca, y presencia de vegetacion de manglar en
la zona costera. Asi mismo, en el mapa de tipo de superficie, se muestra una significativa
extension de area con un alto nivel de susceptibilidad a inundarse. El anegamiento en estos
sitos, se debe principalmente al ascenso de los niveles del mar, los cuales provocan la
expansion de los limites de las Bahias Ohuira y Santa Maria. El suelo predominante en esa
zona es el Solonchak ortico (Zo; Figura 1le), el cual se caracteriza por sus altas
concentraciones de sales. La presencia de dicho suelo podria suponer una relacion directa

entre inundaciones costeras y el ensalitramiento del terreno (Davila Ortiz, 2019).
3.5 Infraestructura hidraulica

3.5.1 Distrito de Riego 075 “Rio Fuerte”
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En secciones previas se ha hablado del Distrito de Riego 075, uno de los principales
centros agricolas del pais (Pedroza Gonzélez & Hinojosa Cuéllar, 2014), en el cual se
cultivan principalmente maiz grano, papay sorgo (CONAGUA & SEMARNAT, 2017). Este
se encuentra en la porcion norte de Sinaloa y comprende parte de los municipios de El Fuerte,
Ahome, Guasave y Sinaloa, cuenta con una superficie con derecho a riego de 228,441 Ha 'y
un total de 21,611 usuarios (Barrera Pérez, 2006).

El distrito de Riego 075 “Rio Fuerte” esta conformado por 13 modulos de riego y una
Sociedad de Responsabilidad Limitada. De acuerdo a lo dispuesto en la Ley de Aguas
Nacionales, mediante los Titulos de concesion de volimenes, anualmente se otorgan
2,723.114 millones de m® de los cuales 2,623.114 millones de m® provienen del sistema de
Presas Huites-Josefa Ortiz-Miguel Hidalgo mientras que 100 millones de m® son extraidos

del acuifero del Rio Fuerte (Barrera Pérez, 2006).

3.5.2 Red canales, drenes y colectores en Los Mochis

Con el fin de abastecer del recurso hidrico a los campos de cultivo presentes en el
Distrito de Riego 075 se ha construido una vasta red de canales (2,297.79 km) de canales sin
revestir; IMPLAN, 2012a) los cuales derivan agua proveniente del sistema de presas de la
cuenca del Rio Fuerte (Figura 1). Del mismo modo se cuenta con una intrincada red de
drenes (1,634 km lineales de drenes; IMPLAN, 2012a). Este tipo de obras se excavan en
tierra con un nivel topografico menor a la de la superficie del terreno o en algunos casos se
emplean arroyos naturales, y a diferencia de los canales, su funcion es desalojar excedentes
de agua en zonas de cultivo ya sea excedentes del riego o de origen pluvial, en este caso, esto
con el fin de evitar el ensalitramiento (EI Debate, 2018c) o agrietamiento del suelo por el
efecto de expansidn-contraccion por su alto contenido de arcillas.

A nivel local, una importante porcion de la red de canales y drenes atraviesa la ciudad
de Los Mochis. La presencia de este tipo de infraestructura atravesando la zona urbana es de
vital importancia, ya que supone una (por no decir la mas importante) de las condiciones de
riesgo dentro de la zona urbana de la ciudad. Bajo este contexto, diversos medios de noticias
locales (ElI Debate, 2018a, 2018b, 2018d, 2019c; Ldpez, 2018) y nacionales (Cabrera

Martinez, 2018a), asi como estudios técnicos en materia de analisis de riesgo realizados en

pag. 12



el area de estudio (IMPLAN, 2012a; Organismo de Cuenca Pacifico Norte de la CONAGUA
& SEMARNAT, 2016) y manifestaciones de impacto ambiental (H. Ayuntamiento de
Ahome, 2012), concuerdan en que la deficiente e insuficiente infraestructura hidraulica
superficial y subterranea constituye el factor de mayor peso que interviene en la generacion
de inundaciones y otros problemas de indole ambiental y urbana (IMPLAN, 2012b).

Esta problematica ha sido ampliamente documentada a través de medios informativos
como sitios web y periodicos locales, en los cuales se hace enfasis en como, tanto la sociedad
como las instituciones, identifican este tipo de infraestructura hidraulica como condiciones
altamente riesgosas.

En la Figura 3 se muestra el mapa de distribucion de infraestructura hidrulica en
Los Mochis conformada por drenes, canales, colectores pluviales y las plantas de tratamiento
de aguas residuales, cada elemento de infraestructura hidraulica es identificado por un cédigo
numerico el cual se presenta en la Tabla 1. De particular importancia para las condiciones
de riesgo en la ciudad se sefialan al Dren Alamo (21) (Lopez, 2018) y al Dren Juérez (22)
(Cabrera Martinez, 2018a; EI Debate, 2018a) como los que mayor impacto han tenido durante
eventos de inundacion.

En primera instancia, se cuenta con dos canales principales, el Canal Taxtes (8) y el
Canal Lateral 18+420 (9) los cuales son derivaciones del Canal Principal Valle del Fuerte el
cual proviene directamente del sistema de presas del Distrito de Riego 075, ambos canales
recorren las periferias de la ciudad, conectandose a través del Canal Sublateral 23+700 (12)
el cual resulta de vital importancia, ya que corta la ciudad de Oeste a Este y a partir de este,
se derivan todos los canales y ramales los cuales dotan de agua a los ejidatarios de los
poblados Benito Juarez, Plan de Ayala y 9 de diciembre, ubicados en el extremo sur de la
ciudad (H. Ayuntamiento de Ahome, 2014). Ademas, parte de sus aguas alimentan la Planta
Potabilizadora Ing. Teran Hernandez (Figura 3), la cual posee una capacidad de produccion
de 800 I/s. La segunda planta potabilizadora conocida “Planta Mochis”, se localiza en las
inmediaciones del Cerro de la Memoria, es alimentada por el Canal Hidalgo (9) y posee una
capacidad de produccion de 950 I/s (H. Ayuntamiento de Ahome, 2014).

Con respecto a la red de drenes, quizés el mas importante en nivel de tamafio y caudal,

es el Dren Juarez (22), el cual se ha convertido en un factor de riesgo hidroldgico y ambiental
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para la ciudad de Los Mochis, ya que drena aguas excedentes agricolas y pluviales generadas
en aproximadamente 2,300 hectareas de cultivo de la zona norte de la de la ciudad (H.
Ayuntamiento de Ahome, 2012; Organismo de Cuenca Pacifico Norte de la CONAGUA &
SEMARNAT, 2016), ademas, dentro del area urbana recibe importantes descargas
provenientes del Dren Justicia Social (30) y del Dren Bay. 10 del Dren Juérez (23), y de los
colectores pluviales Justicia Social (1) y Jiquilpan (2). En conjunto, estas causas provocan
que en temporada de lluvias este dren se desborde provocando inundaciones en diversas
zonas de la ciudad (Cabrera Martinez, 2018a; IMPLAN, 2012a), asi mismo, se han reportado
afectaciones ambientales y a la salud, como el ensalitramiento del suelo a causa del
anegamiento de tierras de cultivo aledafias (El Debate, 2018c), o contaminacion por tiraderos
clandestinos instalados en los margenes del dren (IMPLAN, 2012a).

En cuanto a infraestructura subterranea de ciudad Los Mochis, esta la constituye una
pequefia red de colectores pluviales en la cual, el agua de lluvia colectada se descarga en
drenes a cielo abierto. Una situacion que comunmente se presenta en la zona urbana de Los
Mochis durante eventos de inundacion es el colapso de la red de colectores pluviales debido
a la obstruccién de las rejillas de tormenta por residuos sélidos urbanos (Davila Ortiz, 2019).

En un esfuerzo por mitigar los efectos adversos generados por los eventos de
inundacion, se han designado importantes recursos econdémicos para la restauracion y

ampliacién de la red de drenaje urbano en la ciudad (EIl Heraldo de México, 2019).

Tabla 1. Listado de la red de canales, drenes y colectores pluviales que se encuentran en la ciudad de Los Mochis Sinaloa.

Red de Colectores Pluviales Red de Canales Red de Drenes
Blvd. Justicia Social (1) Canal Taxtes (8) Dren Alamo (21)
Pluvial Jiquilpan (2) Canal Lateral 18+420 (9) Dren Judrez (22)
Pluvial Blvd. Rosales (3) Canal Hidalgo (10) D Bay. 10 del Dren Juérez (23)
Pluvial Independencia (4) Canal Ramal 0 (11) Dren Mochicahui (24)
Mochis (Entubado) (5) Canal Sublateral 23+700 (12) Dren Cero (25)
Colector Rio de las Cafias (6) Canal Ramal 7+700 (13) Dren Bay. 23+700 (26)
C. Pluvial Mochicahui Paralelo (7) Ramal 6+700 (14) Dren Mochis (27)
Canal 5+700 (15) Dren Miguelito (28)
Ramal 4+700 (16) Dren Ba. Flores Magén (29)
Ramal 3+700 (17) Dren Justicia Social (30)
Canal Ramal 2+700 (18) Dren Cafiero (31)

Canal Ramal 1+700 (19)
Canal Ramal 0 (20)
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Figura 3. Mapa de distribucion de infraestructura hidraulica en Los Mochis en que muestra la red de colectores pluviales
(lineas negras), canales principales (lineas compuestas gris y negro) y secundarios (lineras grises), drenes superficiales
(lineas blancas) y drenes subterraneos (lineas blancas segmentadas), ademas, las principales plantas potabilizadoras. Fuente:
elaboracién propia con base en: IMPLAN (2012h, 2012c, 2012d).

Como dato importante, segin IMPLAN (2012a) en esta urbanizacion no suele haber
extraccion de agua proveniente del subsuelo, ya que todo el recurso hidrico del que se dispone

se obtiene de cuerpos de agua superficiales y de las plantas potabilizadoras.
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4. Inundaciones en los Mochis

4.1 Inundaciones, una problematica historica que prevalece

En Los Mochis los eventos de inundacion representan una problematica histérica. Se
han documentado inundaciones en la ciudad desde el afio 1928 (aungue se tienen testimonios
aun mas antiguos; El Debate, 2018b), incluso, con el pasar de los afios se puede apreciar que
aparentemente esta tendencia va en aumento, en ese sentido, se tiene que tan solo en los
ultimos quince afios se han presentado cuatro desastres por inundacion en la ciudad, los
cuales han generado severas afectaciones a la poblacién, algunos llegando incluso a activar
el Plan DN-III de la SEDENA (Plan de la Secretaria de la Defensa para el Auxilio a la
Poblacion Civil en Casos de Desastre; IMPLAN, 2012a).

En la Tabla 2 se enlistan las inundaciones mas importantes que se han presentado en
el Municipio de Ahome, Sinaloa en los ultimos 30 afios, este recuento se realizé con base en
informacion obtenida del Atlas de Riesgo de los Mochis (IMPLAN, 2012a) y de fuentes
hemerograficas recopiladas por el Sistema de Inventario de Desastres Deslnventar
(Corporacién OSSO & LA RED, 1994).

Tabla 2. Listado de las principales inundaciones que se ha presentado en el Municipio de Ahome, Sinaloa en los ultimos
30 afios. Elaborada con base en fuentes hemerograficas recopilados por el Sistema de Inventario de Desastres Deslnventar
(Corporacion OSSO & LA RED, 1994) y el Atlas de Riesgo de los Mochis (IMPLAN, 2012a).

Fecha

. Fuente Observacion de Efectos Evento
Inicio
01/10/1982 El Universal Dafios globales para todo el estado. Huracén Paul
05/02/1983 Excélsior Algunas hectareas de jitomate y trigo estan anegadas. El Nifio
04/10/1986 El Universal Paralizacion de actividades. Dafios infraestructura eléctrica Huracéan Paine
CENAPRED, Precipitacion con un maximo de 197 mm, afectaciones en Lluvias
05/09/1995 . .
1996 diversas colonias Intensas
15/09/1996 El Universal 78 cqmun’ld_ades incomunicadas. 30 colonias inundadas. Huracan Fausto
Lluvia Méxima acumulada 150 mm
03/09/1998 La Jornada Por~lo menos 25 colonias inundadas. Aplican el Plan DN-III. Huracan Isis
Dafios globales.
Colapso de la Red de Drenaje en Los Mochis. Diez colonias
04/09/2004 La Jornada damnificas y suspension de las clases en Lluvias
nivel béasico.
04/09/2007 SgonF}srglo" Evacuacion de 260 familias en las partes bajas de los Mochis Huracéan
debido a lluvias. Precipitaciones pluviales de hasta 85 mm Henriette

Municipal, 2009
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. . L Tormenta
Colonias y calles afectadas por la lluvia. Suspensién de clases

25/08/2008  Proteccion Civil . - Tropical
en diversos planteles educativos .
Junio
. . Tormenta
0,
10/09/2008 La Jornada Se suspendllero_n las clases en t(_)d_o§ los niveles. EI 90% de Iqs Tropical
colonias estan inundadas. Municipio declarado en emergencia. Olaf
Se aplica el Plan DN-III. Hasta un metro de altura. 600 personas
La . trasladadas. Dafios en viviendas, colapso de drenajes, cultivos Tormgnta
13/10/2009  Jornada/Gobierno . ' . ! AN 5 Tropical
. inundados, calles y caminos vecinales. Los servicios de energia S
Municipal (2009) s . - Patricia
eléctrica y agua potable interrumpidos.
05/10/2014 LineaDirectaPortal Troml_)a deja inundaciones y tira rboles y espectaculares en Los Tromba
LD Mochis y Guasave
17/09/2018 El Universal/ Lluvias provocan inundaciones en Los Mochis Desborde Dren

Diversos medios Judrez (22)

A pesar del alto grado de vulnerabilidad ante desastres por inundacion que la ciudad de Los
Mochis ha demostrado tener, actualmente existe un reducido nimero de trabajos de
investigacion en los que se aborde esta cuestion de una forma rigurosa, sistemética y
cientifica, més alla de la informacion que se puede encontrar en estudios técnicos, como el
Plan Operativo de Inundaciones (Organismo de Cuenca Pacifico Norte de la CONAGUA &
SEMARNAT, 2016), manifestaciones de impacto ambiental (e.g., H. Ayuntamiento de
Ahome, 2012; Junta de Agua Potable y Alcantarillado del Municipio de Ahome, 2011,
Toledo Gonzéalez, 2012), Programas Gubernamentales (e.g., CONAGUA, 2012) y el Atlas
de Riesgo Municipal de Ahome (IMPLAN, 2012a), siendo este ultimo quizas el mas
importante, ya que en este trabajo se realizé un analisis de vulnerabilidad ante eventos de
inundacion, ademas se zonificaron las areas mas propensas a inundarse dentro de los Mochis
sin embargo, no se especifican los criterios ni la metodologia empleados para el mapeo de

los poligonos de riesgo por inundacién (Davila Ortiz, 2019).

4.2 El caso de la inundacion por la Depresion Tropical 19- E y la tardia intervencion de las
autoridades. “El desvio del Dren Juarez”

Durante el 17 y 21 de septiembre de 2018 se presento la Depresion Tropical 19 - E,
un evento hidrometeoroldgico extremo que tuvo lugar en diversas ciudades al noroeste del
pais. Las precipitaciones que se presentaron durante esos dias generaron catastroficas
inundaciones en diversas ciudades de Sinaloa, especialmente en Culiacan (El Sol de Sinaloa,
2019) y Ahome (Cabrera Martinez, 2018a, 2018b; El Debate, 2018b) en donde se reportaron
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afectaciones en un gran nimero de viviendas, campos de cultivo y el desplazamiento de miles
de ciudadanos hacia albergues temporales (El Debate, 2018d).

Para el caso de la inundacion acontecida en Los Mochis derivada de la Depresion
Tropical 19-E, no existe un consenso general de la cantidad precisa de lluvia que se presentd,
por ejemplo, el titular estatal de Proteccion Civil informé que las lluvias que se presentaron
el 17 de septiembre, alcanzaron los 62 mm (Cabrera Martinez, 2018a), mientras que el
coordinador de Proteccién Civil Municipal notificd 142 mm (Cabrera Martinez, 2018a). En
ambos casos se hablé de una “lluvia histérica” que no se habia presentado desde hace diez
afios, no obstante, debido a que las autoridades consideraron que solo se habian presentado
encharcamientos y no una inundacién como tal, no se considerd activar el plan DN-I1I si no
hasta el dia siguiente, donde segun El Debate (2018d) se presentaron lluvias que en total
acumularon de 400 mm de agua, sin embargo, la nota no explica con claridad en que zona
del municipio de Ahome se presento la precipitacion, ni la fuente de donde se obtuvo el dato.
Posteriormente, medios locales reportaron un récord histérico de precipitacién en la ciudad
el dia 19 de septiembre, en el cual segun el coordinador de Proteccion Civil Municipal se
presentaron 359.5 mm de lluvia de acuerdo a cifras de la CONAGUA dejando practicamente
damnificadas a todas las familias ahomenses (El Debate, 2018c), y generando importantes
dafios estructurales. De ser ciertas estas cifras, se estaria hablando de un evento de lluvia en
el que precipitd la misma cantidad de agua que llueve durante un afio en promedio. Sin
embargo, registros climaticos en estaciones meteorologicas ubicadas en poblaciones
aledafias, registraron una precipitacion de 125.8 mm entre el 19 y 21 de septiembre (Davila
Ortiz, 2019).

El caso de inundacién acontecida durante septiembre de 2018 en Los Mochis, es
singular, ya que esta no es atribuida solamente al evento de precipitacién extremo que se
presento en la zona. En ese sentido, diversos medios informativos e independencias como la
presidencia municipal de Ahome y Proteccion Civil Municipal, identificaron como las
principales causas de la anegacion el desbordamiento de la mayoria de drenes y canales en
la zona, el colapso de la red de colectores pluviales por la obstruccion de rejillas y bocas de

tormenta, pero principalmente a la gran caudal de agua proveniente de los campos de cultivo
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aguas arriba de la zona urbana de Los Mochis a través del Dren Juédrez (22) (Cabrera
Martinez, 2018a, 2018b; El Debate, 2018b, 2018c, 2018d).
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Figura 4. Estado actual del Dren Juarez (a) y la propuesta de proyecto para su desvio hacia el Dren Buenaventura a través
de los drenes Bayoneta y Cerillos (b). El proyecto comienza con la obstruccion de flujo del Dren Juarez en el puente de la
Carretera Federal No. 15 “México Nogales” y su interconexion con el Dren Bayoneta y termina con la descarga de agua
residual de riego a 280 m de la linea de costa de Bahia Santa Maria. Fuente: H. Ayuntamiento de Ahome (2012); IMPLAN
(2012c).
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Previamente se ha hablado de la importancia del Dren Juérez (22) tanto como infraestructura
hidraulica dentro de la red de drenaje del Distrito de Riego 075, como en su influencia dentro
de las condiciones de riesgo de la zona urbana de Los Mochis. Anteriormente, se ha
mencionado que el Dren Juarez recibe excedentes de riego de aproximadamente 2,300 ha de
cultivo, aunando a eso, converge con el Dren Alamo (21) (otro dren del que se ha hablado
anteriormente), justo en el centro de la de la urbe, a pocos metros del Canal Sublateral 23+700
(12) el cual transporta grandes volumenes de agua entre extremos de la ciudad, creando asi
una potencial zona de inundacion, la cual ya ha sido sefiala como tal en el mas reciente Atlas
de Riesgo Municipal (IMPLAN, 2012a).

Segln El Debate (2019), el saldo final después de que se presentara la Depresion
Tropical 19 — E en Sinaloa, fue de dos mil 900 personas evacuadas, once municipios
declarados en zona de emergencia, perdidas en infraestructura, comunidades incomunicadas,
pérdidas humanas, personas desaparecidas, etc. De acuerdo con el Director de Proteccion
Civil de Sinaloa, se estimd que, en la ciudad de Los Mochis se tuvieron 70 mil viviendas
dafadas y 230 mil personas damnificadas por las lluvias (Senado de la Republica, 2018).

Con motivo del grave problema de inundacion que sufrié la ciudad de Los Mochis
durante este evento hidrometeorolégico, el Gobernador Quirino Ordaz junto con su esposa y
el Alcalde de Ahome, Manuel Urquijo, recorrieron algunas de las zonas mas afectadas por la
inundacion. Durante este recorrido, reconocio la importancia de llevar a cabo el proyecto de
desviacién del dren Juarez al dren Buenaventura, el cual se encontraba suspendido por
cuestiones de financiamiento. En palabras del gobernador, “Es un proyecto que ya esta en
manos de CONAGUA vy lo que ha faltado son los recursos porque la inversion total es arriba
de 200 millones de pesos” (El Debate, 2018b) asi mismo, el director de Proteccion Civil
estatal, informo que se encontraban en proceso de elaboracion de expediente para el Fondo
de Desastres Naturales (FONDEN; EIl Debate, 2019).

Empezando por el proyecto “Conexion del dren Juarez al dren Buenaventura
mediante la interconexion de tramos para la colecta de aguas pluviales”, este consiste en una
propuesta para el desvid de este dren hacia el Dren Buenaventura, a través de los drenes
Bayoneta y Cerillos ubicados en el limite norte de la ciudad (Figura 4). La idea de este

proyecto, consiste en bloquear la entrada de flujo en el Dren Juarez a la altura de la carretera
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federal 15 “Navojoa - Los Mochis”, dirigiendo el agua excedente del distrito de riego aguas
arriba, a través del Dren Buenaventura el cual desemboca sus aguas a 280 m de la linea de
costa de Bahia Santa Maria. De acuerdo con estimaciones de la asociacion civil “Por un
Mochis mejor”, a través del desvio del dren Juarez se evitard que 5,000 ha de espejo de agua
entren a la ciudad reduciendo en un 30% la probabilidad de presentar inundaciones
(Bojorquez, 2020).

Un hecho importante, es que a pesar de que la manifestacion de impacto ambiental
de este proyecto (MIA-P 25S12012HDO044; H. Ayuntamiento de Ahome, 2012) fuera
aprobada durante el afio 2012, el director de la asociacion “Por un Mochis mejor” sefala que
el proyecto lleva gestdndose desde hace 35 afios (Beltran, 2021). Para 2015 solo se contaba
con un temprano avance del kilometro 0+500 al 3+300 que se realiz6 por parte del Gobierno
del Estado de Sinaloa antes de quedar suspendido (Esthela Garcia, 2020b), no fue hasta el
dia Martes 25 de septiembre de 2018 que el Sen. Mario Zamora Gastélum, exhorté a la
Secretaria de Hacienda y Crédito Publico a destinar de manera inmediata los recursos
financieros para ejecutar este proyecto a través de una proposicion con punto de acuerdo
(Senado de la Republica, 2018).

Tal como se dispuso durante los recorridos del Gobernador a zonas afectadas por la
inundacion, mas de un politico se unié al llamado del Gobernador para solicitar el apoyo del
Presidente Enrique Pefia Nieto para declarar el estado de emergencia en Sinaloa a
consecuencia de la Depresion tropical 19 — E y con la solicitud de apoyo ante el FONDEN.
Con el cambio de mandato, el partido Morena en el Congreso Mexicano decidié cambiar de
politica en la prevencion de riesgos y desastres, al aprobar en octubre de 2020 las
modificaciones normativas que extinguen el FONDEN entre otros fideicomisos publicos
(Aforve Bafios, 2020). Sicairos (2019) en una incendiaria columna periodistica, sugiere
fallos sistémicos dentro del FONDEN, y habla de cdmo el apoyo econémico se ha
proporcionado a cuentagotas pese al estado de emergencia de Sinaloa, ademas en dicha nota
se insinta un alto nivel de negligencia por parte de Proteccion Civil durante el siniestro de
septiembre de 2018 en Los Mochis.

Finalmente, durante los Gltimos dias de febrero de 2021, el director regional de la

CONAGUA informo que a mas tardar en 10 dias quedarian concluidos los trabajos de la obra
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de desviacion del Dren Juarez al Buenaventura (Beltran, 2021). EI proyecto se realizé en tres
fases a través de procesos de licitacion coordinados por la CONAGUA, La consolidacion de
este proyecto supuso un esfuerzo de 35 afios de gestion y un presupuesto de 200 mdp (Esthela
Garcia, 2020D).

4.3 Afectaciones del dren Juarez, “pasdndole el problema al vecino”

Esthela Garcia (2020a) titula una nota como ‘“Desviacion del dren Juarez no
representa riesgo para nadie: CONAGUA” en la cual se puntualiza la optimista postura tanto
de la CONAGUA como del Presidente de la Camara Mexicana de la Industria de la
Construccion en Los Mochis, acerca el proyecto de desvio del Dren Juérez a través del Dren
Buenaventura, el cual en ningn momento estuvo libre de controversias tanto por el manejo
de apoyos economicos (Beltran, 2021; Sicairos, 2019) como por sus implicaciones en el
medio ambiente (Beltran, 2019; El Debate, 2019b, 2019a). Lo cierto es que tal declaracion
emitida por la CONAGUA no es del todo cierta, ya que a la fecha se han reportado ciertas
cuestiones no consideradas durante la propuesta y construccion de esta obra hidraulica. En
primer lugar, 2 km antes de llegar a la desembocadura del Dren Buenaventura en la bahia
Santa Maria a la altura del ejido Bachomobampo el cauce de las aguas que corren por el Dren
Juarez se encuentran obstruidas y reembalsadas por un taponamiento de 2.3 km de manglar
(El Debate, 2019a). La distribucion de manglar en la zona costera de la cuenca RH10Fb, se
muestra en la Figura le. Ante esta situacion, el presidente del comisariado ejidal del ejido
Tortugas 2, junto con otros ejidatarios han manifestado que este es un problema al “que se le
ha estado dando vueltas” durante mucho tiempo, ya que no se cuenta con un permiso de la
SEMARNAT para el desfogue del dren (ElI Debate, 2019b), cabe mencionar las cuatro
especies de manglar presentes en México estan sujetas a proteccion especial de acuerdo a la
NOM 059 SEMARNAT-2010 (DOF, 2010).

Hasta este punto, se cuenta con un ambicioso proyecto de infraestructura hidraulico
para evitar el acaecimiento de inundaciones, el cual se encuentra inhabilitado debido a que
esta obstruido por una zona de manglar, esto nos lleva al segundo impacto. Previamente se
ha hablado de la importancia del drenaje de suelo debido a las propiedades edafoldgicas del

terreno. Los suelos salinos, como los presentes en esta zona, generan fuertes afectaciones en
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la productividad agricola debido al ensalitramiento cuando se cuenta con drenaje insuficiente.
En ese sentido, el presidente de comisariado ejidal del ejido Mochis 2, mencion6 que se
tienen 222 ha afectadas por altos niveles de salinidad y que se estima que entre 600 y 800
hectareas presentan afectaciones en mayor o menor medida (EIl Debate, 2019a). Por su parte,
el ex comisariado ejidal de Plan de Guadalupe, sefialo que los desbordamientos del Dren
Juérez, ocasionados por el taponamiento en su desembocadura con el mar, dejaron pérdidas
millonarias en terrenos agricolas, ganado y viviendas en dicha comunidad (Beltran, 2019).
Ante este panorama, se ha puesto sobre la mesa la importancia de limpiar, desazolvar y
rehabilitar drenes y colectores pluviales antes que el desvio del Dren Juarez, mientras tanto,
la problematica prevalece.

El caso del desvio del Dren Juarez es un ejemplo mas de como la falta de un profundo
conocimiento sobre los elementos que conforman el espacio y sus interacciones naturales y
sociales, conllevan a la perpetuacion de las condiciones de vulnerabilidad ante eventos
perturbadores como consecuencia de una mala planeacion. El proyecto de desviacion del
Dren Juarez ha sido un tema recurrente ante las catastroficas inundaciones que se han
presentado en Los Mochis Sinaloa, una obra hidraulica que transporta grandes volimenes de
agua a través de una ciudad por la cual no corre ningun rio, arroyo o meandro de forma
natural, en una cuenca de escurrimiento intermitete, todo en aras del desarrollo agricola del
pais, en el cual se puede apreciar el rol fundamental que juegan las condiciones fisicas del
medio, el ordenamiento territorial, la planeacion de infraestructura hidraulica y las politicas

publicas.

5. Conclusiones

Los Mochis es una ciudad joven que fue fundada a finales del siglo XIX con la idea de
desarrollar una region con potencial de recursos hidricos (provenientes del caudal del Rio
Fuerte) y convertirla asi en una region fértil para la agricultura y propicia para el comercio.
De esta manera la ciudad crecidé entre los canales de riego y los drenes de desague del
excedente de agua de los campos de cultivo. La ciudad se desarrollo en el contexto de la
creacion del distrito de riego 075 y la construccion de embalses para el suministro de agua a

dicho sistema. De esta manera, la poblacion de Los Mochis se ha encontrado en un entorno
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donde las inundaciones, provocadas por el desbordamiento de la red de canales y drenes, son
frecuentes. Los eventos de inundacion se han documentado desde 1918 hasta la actualidad y
muchos han tenido consecuencias graves, entre estos destaca la anegacion del 90% de las
colonias de la ciudad en 2008. Estos eventos generalmente estan asociados a un evento
hidrometeoroldgico en especifico, como tormentas tropicales, huracanes y la presencia del
fenémeno de EI Nifio.

Otro evento importante es la inundacion de septiembre de 2018 que causé afectaciones a un
gran numero de viviendas, campos de cultivo y la evacuacion de miles de personas. Se
atribuyo esta inundacion, por parte de las autoridades, a una “lluvia historica”, sin embargo,
hay diversos datos contradictorios sobre la intensidad de esta precipitacién que va de 400
mm reportados en la prensa a 135 mm consultados en los registros de estaciones
meteoroldgicas cercanas. Lo que es claro es que este evento de inundacion y las afectaciones
no son atribuibles directamente a la precipitacion sino al desbordamiento de la red de canales
y drenes de la ciudad.

Las inundaciones histéricas de la ciudad estan condicionadas por la conformacion del espacio
en el que se ha desarrollado Los Mochis. La ciudad ha sido construida en un contexto
hidrolégico muy particular, pues en ella no corren rios ni arroyos naturales y esté localizada
una region con clima seco. La progresion del riesgo ante eventos de inundacion se ha
incrementado por diversos factores, entre los que destaca el crecimiento de la poblacion y
del area de urbanizacién, provocando, segun la percepcion de los pobladores, un aumento en
la frecuencia de los eventos severos de inundacion. En ese sentido, se tiene que tan solo en
los Gltimos quince afios se han presentado cuatro desastres por inundacion en la ciudad, los
cuales han generado severas afectaciones a la poblacion, algunos han requerido la activacion
del Plan DN-111 de la SEDENA.

La solucion al problema de las inundaciones en Los Mochis ha tenido como base principal
una propuesta técnica para el desvio del dren Juérez hacia el dren Buenaventura, el cual
reduciria en 30% la probabilidad de inundaciones en la ciudad, segun los estudios. El
proyecto lleva gestandose 35 afios. Sin embargo, esta propuesta no esta exenta de
controversia pues podria afectar una zona de manglares en la desembocadura del dren

Buenaventura.
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Este estudio de caso nos permite interpretar la progresion del riesgo ante inundaciones como
una conformacion de factores han propiciado el incremento de la vulnerabilidad de la
poblacidn a través del tiempo; entre estos, la precipitacion tiene un peso menos determinante

que el contexto historico de conformacion de la ciudad dentro de un sistema de riego.
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Si alguna vez observaste el cielo momentos previos a que se desatara una tormenta, posiblemente hayas
sido testigo de la formacién de una nube de conveccién profunda o también conocidas como
Cumulonimbus. Estas majestuosas nubes se caracterizan por su gran tamafio y desarrollo vertical, con
una cima aplanada la cual recuerda la forma de un yunque y debido a su gran contenido de agua, estas
pueden llegar a bloquear la luz del sol presentando una base obscura, dandole al cielo su peculiar color
gris durante estos eventos.

Las nubes de tormenta se generan a partir de un proceso de conveccion profunda, donde una masa de
aire calido y himedo asciende de manera intensa a través de la atmdsfera en forma de espiral rotatoria.
Aunque existen diferentes mecanismos de formacion de estas nubes, como el borde de un frente frio, el
choque con otras masas de aire (convergencia en superficie) o con una cadena montafiosa
(levantamiento orogréafico), estas se caracterizan por dos cosas, la rapidez con la que pueden llegar a
formarse y el estar asociadas con condiciones meteorolégicas extremas, como tormentas eléctricas,
lluvias intensas, caida de granizo, fuertes vientos y, en algunos casos, tornados. Simplemente, durante
2020 se estima que la presencia de tormentas causé la muerte de mas de 1,700 personas en todo el
mundo.

Por su parte, México tiene un alto grado de vulnerabilidad ante eventos hidrometeorolégicos extremos,
debido a su complejo relieve, su posicién geografica, estar rodeado de océanos, pero especialmente por
sus condiciones socio-econdémicas. Recientes inclemencias meteoroldgicas a lo largo del pais han
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puesto de manifiesto la importancia de comprender y abordar los eventos de conveccién profunda, asi
como los fendmenos atmosféricos que pueden desencadenar condiciones climaticas extremas y
representar riesgos significativos para la sociedad.

En este contexto, en el Laboratorio de Geomatica y Modelacion Numeérica de la Division de Geociencias
Aplicadas del IPICYT, estamos trabajando en el desarrollo de un sistema de monitoreo y alerta temprana
de inundaciones asociadas a la presencia de nubes de tormenta, bajo tres principios clave, 1) el uso de
productos de acceso libre y software de cédigo abierto, lo cual permite que la implementacion de este
sistema sea asequible, 2) que sea automatico, desde su disefio, se ha planteado que este sistema sea
auténomo y pueda emitir alertas en tiempo real y, 3) que sea escalable para cualquier zona de México.

Esta metodologia se basa en el uso de modelos de Inteligencia Artificial, estos, al ser entrenados con
eventos de referencia, aprenden patrones con los que pueden hacer predicciones con datos nuevos. Para
alimentar estos modelos, se utilizan datos satelitales de una red de satélites llamados GOES-R operada
por la Administracién Nacional Oceénica y Atmosférica (NOAA) de los Estados Unidos y disefiada para
proporcionar observaciones meteorolégicas continuas desde la érbita geoestacionaria, esto ultimo
significa que los satélites se mueven de acuerdo al periodo de rotacién de la tierra, lo cual les permite
registrar el mismo punto siempre. Los satélites GOES-R tienen la capacidad de monitorear fendmenos
meteoroldgicos en tiempo real (cada 5 minutos para México), lo que incluye observaciones de nubes,
mapeo de rayos, incendios forestales, actividad solar y otros eventos climéticos.

Actualmente, se ha probado esta metodologia de forma exitosa en Los Mochis, Sinaloa y la Ciudad de
México (CDMX), en las siguientes etapas de este proyecto se abordara la integracion de este sistema de
deteccion de nubes de tormenta con datos de la red estaciones climaticas de México y con un modelo
hidrolégico para la generacion de mapas de potencial riesgo ante inundaciones con un periodo de
actualizacion cada 5 minutos.

Con esta investigacién buscamos prevenir y mitigar los riesgos asociados con eventos de tormenta al
proporcionar informacién oportuna y precisa a tomadores de decisién y potenciales personas afectadas,
ademads de mejorar nuestro entendimiento sobre la formacién y evolucién de este tipo de fenémenos en
nuestro pais.
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